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Chapter 3
Internet of Things in Agricultural
Innovation and Security
Abstract The agricultural Internet of Things (Ag-IoT) paradigm has tremendous
potential in transparent integration of underground soil sensing, farm machinery,
and sensor-guided irrigation systems with the complex social network of growers,
agronomists, crop consultants, and advisors. The aim of the IoT in agricultural
innovation and security chapter is to present agricultural IoT research and paradigm
to promote sustainable production of safe, healthy, and profitable crop and animal
agricultural products. This chapter covers the IoT platform to test optimized
management strategies, engage farmer and industry groups, and investigate new
and traditional technology drivers that will enhance resilience of the farmers
to the socio-environmental changes. A review of state-of-the-art communication
architectures and underlying sensing technologies and communication mechanisms
is presented with coverage of recent advances in the theory and applications of
wireless underground communications. Major challenges in Ag-IoT design and
implementation are also discussed.
3.1 Introduction
One of the biggest sustainability challenges of the twenty-first century is to
ensure proper food and water to the growing population of the world [140, 182].
Management of these resources is vital in our response to these challenges. The
climate change has negatively impacted the agricultural production in last four
decades [6, 12, 35, 87, 110, 127, 127]. Various factors such as stresses related
to crops, droughts, weeds, crop diseases have caused decline in crop production
and yields [45, 67, 85, 93, 119, 129]. Particular, the geographic areas and crops
that depend on rain and precipitation are impacted the most due to losses in soil
and water related resources caused by extreme weather patterns [121, 132]. These
weather patterns are making it hard to adapt to the climate changes in agriculture
and stress on critical threshold is already at maximum [86, 122, 206].
The rapid adoption rate in agriculture will be able to keep pace with climate
related changes [44, 102, 172, 205]. The innovations in the field of decision
agriculture (also called digit, smart, and precision agriculture) are needed to ensure
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global sustainable agriculture and food security [113, 164] through higher crop
yields and resource conservation [39, 72, 92]. In the decades to come, sensing
and wireless communication in the precision agriculture will play an important
role to measure soil moisture accurately over larger landscapes [13, 202]. The
accurate soil water content measurements are vital to improve crop yield, better
water and irrigation management hence providing food security to our society [4].
Plant productivity also heavily depends on the soil moisture. From the field level
to networked landscapes of farms to regional level, there is need to scale point
based measurements to remote sensing measurement [161]. Moreover, the lack of
interconnection in these measurement paradigms creates errors in models which
propagate all the way up to hydrology, vegetation, soil surface, soil saturation, and
runoff models [132] and creates challenges for accurate prediction and sustainability
over a scale.
3.1.1 Decision Agriculture
The precision agriculture as defined by International Society of Precision Agricul-
ture (ISPA) is [81]:
a management strategy that gathers, processes, and analyzes temporal, spatial,
and individual data and combines it with other information to support manage-
ment decisions according to estimated variability for improved resource use
efficiency, productivity, quality, profitability, and sustainability of agricultural
production [81].
Recently, for sustainable agricultural practices, the field of precision agriculture
has witnessed a lot of development in the areas of technology and concept [8, 25,
42, 64, 107, 142–151, 154–158, 161, 192]. It is beneficial in terms of reduced cost
production with high outputs. It is driving in innovations in different agricultural
areas such as farm equipment and machinery, crop, plant, and soil sensing, seeding,
and harvesting. These technologies in decision agriculture are being used to make
informed decisions for sustainable agriculture in real time that helps to reduce
input and resource conservation through applications of variable-rate techniques
in the field such as variable-rate irrigation. Moreover, the pesticides, fertilizer,
and nutrients inputs can be tailored accordingly based on the field conditions.
Accordingly, the accurate applications are done for critical areas which leads to
economic benefits (e.g., improved crop yields with low cost). Through sensor-
guided decisions, the costs reduce at different stages of the crop growth such as types
and density of seeds, inter-plant spacing, and planting depth, rates and schedule
of fertilizer, pesticide applications, and customized harvesting. The important
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Fig. 3.1 An overview of the precision agriculture technologies
precision agriculture technologies are in situ and remote sensing, geo-location, soil
mapping, and variable rate technologies. (see Fig. 3.1). The custom application of
seeding, fertilizer, herbicides, chemicals, and pesticides technologies are manual
control GPS guidance system, automatic control GPS guidance system [50], auto-
matic control of nozzle and sprayer boom [208], sprayer turn compensation [111],
and variable-rate prescription maps [141]. Currently, precision agronomist services
available to farmers are soil sampling and field mapping. Soil sampling is done
using whole field approach based traditional methods, grid patterns, and through
management zones. The management zones for soil sampling are determined by
electrical conductivity, and soil mapping unit. The yield dependent field mapping is
done using GIS and soil EC, pH sensing, chlorophyll sensors for N, and profit/cost
analysis.
3.1.2 Main Barriers to Digital Agriculture Technologies
Adoption
There are many barriers to adoptions and expansion of digital agriculture technolo-
gies. The precision agriculture technology adoption in maize production is shown in
Fig. 3.2. First major issue in adoption is return on investment. Still the cost of digital
agriculture equipment and services is higher than the benefits. This also affects the
motivation levels of the farmers because there is more emphasis on increasing farm
income as compared to adoption of the technology digital agriculture technology

























Fig. 3.2 Precision agriculture technology adoption in maize production [202]
business is mostly targeted to the big farms and smaller farm owners are left behind.
Moreover, the use of digital agriculture technology in diverse topographic and soil
texture fields is milted. Due to enormous data being generated from the farm and
lack of decision tools, interception and decision making are very time consuming for
the farmers. Farmers trust more the educated guess based on experience rather than
having confidence in the recommendations made based on the sensing (in situ and
remote), yield maps, and soil maps. Because of these barriers the digital agriculture
business is not profitable. The cost and availability of specialists for complex
equipment, lack of manufacturer support, difficulty in putting up encompassing high
value, precision portfolios are the limiting factors for precision business.
3.2 Internet of Things for Sustainable Agriculture
Internet of Underground Things (IOUT) has numerous applications in the field
of digital agriculture [8, 25, 42, 64, 107, 142–151, 154–158, 161, 190, 192]. It is
a paradigm in which technology is being used to effectively manage agriculture
by understanding the temporal and spatial changes in soil, crop, production, and
management through innovative techniques. A multitude of wireless devices is
employed for sensing and communications on the field [202] in smart farming.
With the development of novel soil sensing methods, adaptive input application
(e.g., fertilizer and lime), and soil mapping techniques, there is a higher demand
for increased data rates and long-range underground communications. Another
important application is in the area of border monitoring, where this technology is
being employed for border enforcement and to curtail infiltration [9, 181]. Moreover,
IOUT is also being utilized for landslide and pipeline monitoring [64, 179, 180].
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Fig. 3.3 IOUT paradigm in precision agriculture [202]
The IOUT delivers consistent access to data garnered from the farming areas via
underground networking, aboveground networks, and the Internet. IOUT Paradigm
in precision agriculture is shown in Fig. 3.3. IOUT incorporates in situ underground
sensing [4] of soil physical, chemical, and biological factors which includes water
content sensing, salinity sensing, pH and nitrogen sensing, and temperature sensing.
It also has the communication capabilities built-in as one of the integral components
to provide the sensing data from the plants, roots, and the soil. Moreover, it has
the ability to include the environmental sensing capability to provide the real-time
data pertaining to the diverse environmental phenomena such as wind data, rain
information, and solar potential [203]. When integrated with agricultural machinery
and farm equipment on the field (e.g., seeding equipment, irrigation controllers,
harvesting machines and combines), the IOUT leads to the full self-sufficiency on
the smart farming fields, and has the strong potential of development of enhanced
food production solutions and applications in the area of digital agriculture [202].
The IOUT is also being utilized to provide useful decision making information to
the growers in the field in real time.
The sustainable agricultural-IoT in the subsurface environment has the poten-
tial to transform soil and natural resources management systems. The improved
knowledge gained through development of this underground sensing system will
contribute to the development of better management techniques in the field of digital
agriculture. Effective and reliable soil moisture sensing and irrigation management
techniques will lead to advances in underground sensing and communication
technology. To build technology-aware, advanced digital agriculture practices, this
innovation and automation in underground sensing and secure communications,
data collection, analysis, and visualization will play a vital role. Based on the
IoT systems, sensors for soil and water quality across networked landscapes
can be developed. Moreover, it will also facilitate integration of advances in
digital agriculture data analytics, in situ and remote sensing into working systems,
indigenous and local information.
The development and application of novel sensing and communication tech-
niques for water resource conservation and enhancement of the crop yield is a major
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area in need of technology innovations. A large-scale field Ag-IoT built using these
wired and wireless technologies and sensing solutions will also aid in advancing
the fields of subsurface radio wave propagation, underground communications
and networking, and digital agriculture data analytics. It enables novel way of
studying soil properties will facilitate efficient resource usage (e.g., improved water
conservation, improved crop yield) leading to health and sustainable communities.
Creation of networked collection of existing soil type and moisture related databases
will improve access to large-scale consolidated data for decision making.
3.3 Wireless Underground Communications
An accurate analysis of wireless underground channel model is vital for any efficient
wireless subsurface communications system design. The prospect of completely
underground sensing and communications network, without any footprint on the
soil surface and support from nodes mounted on aboveground infrastructure, has
therefore fueled interest in underground channel propagation measurements. Since
many of the smart farming future applications will need high data rate and long-
range connectivity between underground and aboveground nodes, a lack of detailed
measurements is affecting the design of next generation soil sensing systems
[150, 156, 161].
Not only the subsurface path loss as compared to over-the-air (OTA) is higher
in the wireless underground channel [41, 144, 152], but also the underground
antenna design is highly sensitive to many soil factors such as soil texture, bulk
density, soil moisture, depth, and the air-soil interface [157]. Furthermore, at lower
frequencies in the underground channel, the time domain channel characteristics
such as root mean square (RMS) delay spread and coherence bandwidth of the
wireless underground channel are of the utmost importance. Because the under-
ground communication system design is highly dependent on these characteristics
to overcome higher path loss due to complex permittivity of the soil and also to
achieve higher data rate underground communications [144, 153].
The development of a wireless underground channel path loss model that
accounts for the soil type and moisture impact is important because of many factors
such as the operation frequency, communications protocol, modulation scheme,
network layout, connectivity, and other important operational parameters can be
ascertained based on the model. Moreover, to evaluate IOUT solutions, a reliable
UG channel model is required. Existing over-the-air (OTA) channel models cannot
be used in subsurface communications because of the high path loss that is caused by
complex permittivity of the soil in the lossy propagation medium. Moreover, spatial
and temporal changes in the soil permittivity also lead to path loss variations, a
phenomenon not observed in OTA communications.
Impact of soil moisture variations on permittivity and wavenumber in soil is
analyzed in this section. The βs and β0 are the phase constants in soil and air,
respectively. The λs and λ0 are wavelengths in soil and air. Effects of the change
in βs/β0 and λs/λ0, parameters with change in soil moisture in silt loam, sandy,
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Fig. 3.4 (a) Change in
βs/β0, (b) λs/λ0, parameters
with change in soil moisture
in silt loam, sandy, and silty
clay loam soil types,
(c) Relative permittivity of
silt loam and sandy soil with
change is soil moisture at 200
and 600 MHz frequency
0 10 20 30 40















0 10 20 30 40














0 10 20 30 40




















Silt Loam - 200 MHz
Sandy - 200 MHz
Silt Loam - 600 MHz
Sandy - 600 MHz
(c)
and silty clay loam soil types, obtained from complex wavenumber ks = βs + iαs ,
are shown in Fig. 3.4 (where αs is the attenuation constant in soil). From Fig. 3.4,
it can be observed that βs/β0 increases with increase in soil moisture. At 40 % soil
moisture level, in silt loam, and silty clay loam soil, phase shift is 5 times higher
as compared to the free space β0. This effect is more significant in the sandy soil.
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Fig. 3.5 The path loss of
different wireless channels in
underground
communications [202]


















Effects of change in wavelength, λs/λ0, as compared to OTA wavelength are shown
in Fig. 3.4b. Frequency shift as compared to the OTA is less for lower soil moisture
levels, and it increases with increase in soil moisture level. It can be observed that
at higher soil moisture levels, due to higher permittivity of the soil, the difference in
frequency shift between different soils is also low. In Fig. 3.4c, relative permittivity
of silt loam and sandy soil with change in soil moisture at 200 and 600 MHz is
shown. It can be seen that change in soil moisture affects the relative permittivity
of the soil. Sandy soil has larger effect due to the change of soil moisture as
compared to silt loam soil. It can be also observed that sandy soil permittivity does
not change with frequency. This is caused by two different physical phenomenon,
namely dielectric and conduction losses. Soil moisture variations happens due to
dielectric losses in soil as a result of relaxation process of water particles held in the
soil medium [40].
There are three different paths that contribute to propagation in wireless under-
ground communications. Through-the-soil paths are direct and reflected. For both
components, the wave path remains completely in the soil. The third wave, lateral
component, moves along the air-soil interface above the soil surface. The path loss
of different wireless channels in underground communications is shown in Fig. 3.5.
An in-depth discussion of these components of UG channel is presented in [41, 159].
3.4 Underground Antennas and Beamforming
In [145], an empirical investigation of propagation path loss variations with
frequency in sandy and silty clay loam soils has been done using planar and dipole
antennas. The path loss experiments are conducted using vector network analyzer
(VNA) in sandy soil testbed, and greenhouse outdoor silty clay loam testbed for
different operation frequencies and communication distances. The results show that
the planar antenna can be used for subsurface communications in a wide range of
operation frequencies. The comparison paves the way for development of sensor-
guided irrigation system in the field of digital agriculture. Moreover, a model has
been developed to predict the resonant frequency of the underground dipole antenna
at different soil moisture levels and depths [157]. The textural triangles containing
resonant frequencies for all soil types are shown in Fig. 3.6.





























































Fig. 3.6 Resonant frequency (MHz) of different soils in textural triangle at different soil moisture
levels for a 433 MHz OTA antenna [157]. (a) 10% VWC. (b) 20% VWC. (c) 30% VWC. (d) 40%
VWC
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The UG transmit beamforming using array antennas at the transmitter can be
employed in the underground (UG) communications to maximize the lateral wave
by transmitting energy at a particular angle [154, 159]. By using this approach,
the energy wastage by sending signals in isotropic direction can be reduced by
forming the narrow-width beam and steering it accordingly [198]. In underground
wireless communications, the aim is to enhance the received signal strength and
reduce the interference at receiver [154]. In underground phased array antennas, the
soil moisture adaptive weights, based on soil moisture sensing, feedback signals, are
used to adjust the weights by using the array gain feedback loops. This problem is
formulated as to maximize the array gain by using the pilot signals. In this method,
phased array at the transmitter receives the pilot signal in receive mode and then
accordingly adjust its parameters for the transmit mode. In receive mode at the
transmitter, scan angles are varied to get the estimate of channel state. The best
SNR statistics are used, and accordingly, with change in soil moisture, parameters
are adjusted for optimum performance.
3.5 Soil Sensing for Sustainable Ag-IoT
With change in soil structure and particles over time, the process based and
empirical models are needed to understand the relation of soil texture with its
water cycle [48, 117]. The global climate and change in rain patterns, in addition
to the lack of crop rotation, microbes and organic matter, has accelerated the
process of changes in pore size, compaction, and structure of soil [131]. The
analysis and corresponding analysis will help us to better sensing through the soil
communication techniques in response to such biochemical changes in soil [132].
Different factors (e.g., crop and soil type, climate, hydrophilic and bio-geo-chemical
properties, pore size evaluation at pedon scale) should be considered together for
development of such models. The development of these models will also lead
long-term soil sustainability and development of better response to deterioration
of soil caused by global climate changes. Currently, there is dearth of novel soil
sensing techniques to measure the chemical, biological, and properties of the soil.
Accordingly, novel sensing mechanisms are needed to understand these physical,
chemical, and biological phenomena in soil. The soil sensing for sustainable Ag-
IoT is discussed in this section.
Soil Sensor Requirements The soil moisture and temperature sensors should
have the capability to calibrate itself because currently the major challenge in soil
moisture measurements is sensor calibration [36, 221, 223]. The understanding of
the carbon nutrient cycle, leaching, and uptake process of nitrogen can be improved
by development of hydrological flow models. The development of sensors for
agricultural purposes should also include to sense salinity and nutrients. The di-
electric based and electrophoretic nitrate based signal processing approaches [124]
are of particular interest to enhance the soil sensing capabilities for agricultural
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applications. The pH and measurements of dissolved oxygen need to be integrated
with low-cost low-power systems, advanced power management on single circuit
boards [30, 219].
The energy conservation issues are also important in the development of such
sensor systems. For prolonged uninterrupted operation soil, these sensor systems
should have the capability to harvest the energy from the environment as well as
able to wirelessly receive power from soil surface and other aboveground sources
(recharge). This wireless transmission of power to these sensing systems can be
achieved through the propagation of subsurface radio frequency transverse magnetic
mode (TM) where soil-air interface serves as a waveguide. The performance
efficiency of this scheme can be increased twofold by using multiple transmitters
on and below the soil-air interface, creating two such modes hence maximizing
transfer using lateral (Zenneck) waves.
Different sensing and modeling approaches (e.g., remote sensing, field scale
tools, in situ sensing, crop models and coefficients, transport models, nutrients and
microbes, subsurface soil data) also need to be integrated in the digital agriculture.
It will improve our understanding of the physical, chemical, and biological pro-
cesses of the soil and will also improve soil-crop management practices and health.
Self-Deploying Sensors There is also a need of further development of sensors
with self-boring capability to overcome installation challenges in excavation,
penetration, and replacement of sensors in heterogeneous environments [99]. The
use of robots is a potential candidate for the development and auto deployment of
these with this capability with minimum soil and crop during the growing season
aided with GPS technology. The major advantage of this approach is ability to
auto relocate sensors without human innervation for spatial temporal sensing of
physical, chemical, and biological properties of the soil. The major challenges in
self-deploying and relocating sensors are ability to adjust to varying field terrain,
maintaining connectivity within the optimal deployment region and requirement of
different deployment hardware for different type of soils.
Acoustic Soil Sensors Acoustic soil sensors is also being envisioned as the
alternative to the wire based sensor techniques [116]. One major limitation of
wire based sensors is that low sensor density per unit in agricultural fields as
limited number of wires can be connected from the underground hole. Because
of the changes in the surrounding environment of these sensors, these connections
become gradually weak which leads to loss of connectivity due to cable degradation.
Moreover, these exposed cables also offer an attractive target to field animals.
Acoustic connections offer opportunity to remove these cables completely for
underground to aboveground communications. However, the major challenges in
this area are higher path loss because of the higher soil moisture content. Moreover,
currently only sea based underwater acoustic and through the animal tissue acoustics
communication techniques are being applied and there is need to tailor these under-
water communication techniques to groundwater, soil moisture, pesticide chemicals,
agricultural machinery, farm equipment, and foot traffic [23, 173, 186, 201]. The
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surface acoustic wave sensors can be used to manufacture soil nutrients sensors by
using acoustic wave delay lines [103] and polymer based conductive impedance
detectors [168].
Seismometers in Soil A related approach is based upon the use of the soundscapes
and seismic signals by using the seismometers to study the movement of soil
particles [137]. The main challenge in this approach is to pick the signal of interest
(elastic waves) form the background noise by using state-of-the-art seismic arrays
in geological, ecological, and biological landscapes. These type of measurements
because of their high temporal and spatial resolution can provide insights into the
different geomorphic bioturbation factors contributing to spoil erosion and land-
scape changes on surface (e.g., animals, plants, deposit rocks, foot and machinery
traffic).
Root Sensing New non-invasive soil sensor systems are needed to understand the
root chemistry. Using current methods this information cannot be obtained without
disturbing soil. Development of root sensors will make available the real-time
information about roots which can be used to model the impacts of soil type and
irrigation cycle on the root growth [178]. Current practices for soil root imaging
include minirhizotrons [183] and planar optodes [100]. In the first approach, a
transparent plastic tube is buried into the soil root growth zone to obtain contusion
images of plant roots. The later approach is based on the use of optical fluoresce
sensing mechanism [7]. The big size and high deployment cost of these approaches
are major factors limiting the use of these techniques in precision agriculture.
Moreover, it can also be used at small-scale plant based level. To address these
challenges there is need of development EM-based root imaging and growth sensing
techniques that can be used at large scale in a cost effective way.
On-the-Go Soil Sensors Depending on the soil minerals and texture, there is
an emission of gamma radiation based on the radioactive decay in soil. Gamma
radiation is the electromagnetic photons in the visible light spectrum. These are also
being used at top soil mapping. However, these cannot be used as real time on-the-go
sensing apparatus in soil because one measurement is not sufficient rather multiple
measurements are required. The soil pH can also be used to real-time on-the-go soil
mapping [4, 5, 171]. A soil pH based autonomous soil sampling and mapping system
has been developed in [171] that used ion-selective electrodes technology for pH
sensing and soil mapping. The prototype has demonstrated the effectiveness of the
system for lime application. A lime is a soil supplement developed from chalk and
limestone. There is also need of sensors to measure mechanical impedance of the
soil [5]. This mechanical resistance can be used for selection of no-till or chiseled
soil treatment based on the soil impedance measurements.
Topography Soil Sensors There is need of development of topography soil sensors
for precision agriculture application. The topography soil sensors in the field can be
used to measure slop and corresponding water flow. Currently GPS and LIDAR
technologies are being used for mapping topography of soil [162].
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Microbial Sensors There are many different species of microbes present in the soil
ecosystem. These organisms play a vital role in our support system. Development of
new sensing approaches can provide us with the better capability into crop growth
control cycle and energy influx. In literature, there is no existing work to support the
use of microbes as an input parameters into major models (e.g., waste management,
soil health, and climate), therefore there is need of inexpensive, real time, capable of
highly dense deployment of microbial sensors [26]. Development of new microbial
sensing techniques will help in development of better soil models coupled with
maximum entropy production from the thermodynamic perspective. It can also
provide much needed insights into the microbe organization and composition
changes.
The other major candidates for development of novel microbial sensing
approaches are methanogenesis, thermodynamically controlled metabolic sensing
approach, chronoamperometry, methanthropy, electrochemical and piezoelectric
quartz crystal micro-balance (E-QCM) [54]. A network of microbial sensors
working together for sensing will improve the reliability and will contribute to
decreasing the cost and amount of field inputs in the field of digital agriculture.
It can also lead to better crop health. Because, currently, excess or improper
application of fertilizers in agricultural fields is causing nitrogen runoff, which
not only contaminates drinking water but is creating troubles for commercial sector
(e.g., tourism and fishing) [138]. The algae outbreak and reduction of dissolved
water oxygen also results from over-fertilization [59, 114]. The phosphorous cycle
is also important for sustainable agriculture. The increase in human activity in the
field leads to development of hazardous phosphorous in environment. Therefore,
growers can benefits through these advanced soil nutrient sensing systems by
application of correct amount of fertilizers.
Soil Nutrient Sensing The soil nitrogen sensing techniques require high field
density for correct prediction and development of nitrogen models. Moreover,
for better accuracy these sensors should be buried at different depths in the soil.
Development of low-cost sensors to sense the concentration levels of nitrate, heavy
metal ions, and ammonium will help to overcome these challenges. Carbon based
low-cost graphene (ionosphere membranes) can be used to fabricate these sensors in
a cost effective way to detect nitrate and ammonium in soil [189]. This knowledge
along with NDVI will help in improving crop productivity.
The process of soil erosion can be understood and effective mitigation
approaches can be developed by sensing soil iron and oxygen. The erosion of topsoil
by physical tillage, wind, climate change, and forces of water is a major issue in
agriculture [48, 212]. Better insight into the erosion process can be gained from
interaction of soil with iron and oxygen. The information combined with surface
water lateral flow models can also illuminate the interaction of microorganisms and
resulting seismic change in soil chemistry in managed and unmanaged soil.
Photonic Sensors Macro fabricated photonic sensors work on the principle of
detecting changes to the environmental reflective index and can be used to measure
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soil nutrients. Photo or electron beam lithography based photonic sensors developed
on silicon can be used to detect the nitrate and phosphate [10]. This approach has
been used in metal sensing but can be tailored to soil nutrients sensing. Zinc oxide
nanorods allow spatial high resolution sensing of soil nutrients. These nanorods
when combined with Raman spectroscopy can provide highly reliable soil nutrient
sensing for abundant and rare nutrients in soil. The major challenges in this area are
difficulty in developing standard methods for sensing, calibration, and validation
across different nutrient types and soils.
Biosensors Another potential approach for sensing the presence of hazardous
microorganisms and chemicals is based on engineered bacterial spores (complete
cell-sensors) [106]. Traditionally spores can be used to store biosensors for extended
period of time. These biosensors can sense microbial activity based on bacteria
can be tailored to adopt to change in the microbial activity in soil. These can
be muted as well (dormant mode) and be reused across different sensing cycles.
The self-sustainability of these biosensors is an important challenge to achieve
long-term field operation to monitor crop health. The underground microbial fuel
cell (MFC) is being used effectively to supply power to these sensors [222]. The
impedance spectroscopy sensors (ISS) [94] can also be developed by using the
MFCs. The ISS sensors are based on detection of change of permittivity of soil
to detect ionic concentrations in soil. Therefore, it can be used to monitor the soil
nutrients. However, there is need to develop and validate models to connect these
permittivity changes to microbial activity and changes in soil.
Micro-Electro Mechanical System (MEMS) Array The soil health can be better
characterized by bio-chemical processes and volatile organic compounds produced
by them. The detection of soil chemical properties is currently restricted to
the pH. The micro-electro mechanical system technology consists of miniature
transducers which can be used to sense concentrations of these chemicals at different
frequencies. These combined with other sensors can provide a full spectrum soil
health sensing capability in digital agriculture. A schematic of the cantilever-array
nutrients sensor is shown in Fig. 3.7.
Soil Organic Matter Sensing The soil organic matter (SOM) constitutes the 2%
of the soil particles but is not generally accounted as part of the soil texture,
which sometimes lead to error in soil models. The sensing of the subsurface biotic
factors (e.g., plants, algae, animals, bacteria, and fungi) and abiotic factors (e.g.,
soil type, mineral weathering, temperature, soil water content, sunlight, oxygen
present in the soil pore space, wind speed, water flux, carbon nitrogen cycle, carbon
dioxide, ammonia, and nutrients) can provide decision making information in the
real time. Among these the soil respiratory quotient (RQ) [29] is a strong indicator
of soil metabolism. An understanding of water-gas exchange and diffusion can
also provide better information into the gases composition in soil. The pore space
sensing for presence of azane, carbon dioxide, and oxygen can be used to assess
nitrification process, gas water exchange, and diffusion in different soil textures.
Variation in these also need to be investigated over large spatial and temporal scale
in agricultural fields.
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Fig. 3.7 A schematic of the cantilever-array nutrients sensor [125], (a) a lab-on-a-chip system
(LOC), (b) sensing principle of a micro cantilever, (c) microcantilever array depicting the sensing
of multiple macronutrients
Stress Sensing The lack of enough nutrients, water shortage, improper irrigation,
crop diseases, and weeds leads to crop stress. Proper identification of factors
causing the crop stresses is vital for insights into phenology and crop physiology.
The multi-spectral and hyper-spectral sensing approaches can be used chlorophyll
concentration sensing and biomass estimation. However, systematic research and
empirical evaluations in the areas of multiple view plant geometry and RGB are
required to show effectiveness of these approaches in crop stress identification.
Weed Sensing The weed sensing is another area of digital agriculture that requires
major research because weeds have a significant impact on the crop yield. The
satellite based imaging for weed sensing has not been promising because of low
accuracy, reliability, and resolution. Therefore, new techniques need to be developed
for GPS guided high resolution to effectively sense different types of weeds. High
quality weeds map can help identification, classification, and proper elimination of
weeds.
Autonomous Disease Sensing There is almost total lack of literature on use
of technology in digital agriculture for autonomous disease detection. Although
the problem of disease sensing has been investigated from the vegetation index
perspective by comparing and contrasting the normal and anomalous crop growth
pattern. However, models are required which can link these abnormalities to the
automatic early stage disease identification.
Plant Temperature and Physiological Properties Sensing The vital physiologi-
cal properties of the plants can be estimated through the chlorophyll fluorescence
sensing. It requires light-saturating photosystem technology with high beam inten-
sity. Lasers that can produce this high intensity beam cannot be used for plants.
Traditionally, satellite imagery has been used for chlorophyll fluorescence sensing
but suffers from low resolution problems. Another alternative is micro-hyperspectral
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sensing technology. However, it is expensive and it is not possible to use it for large
farms. Therefore, novel inexpensive fine resolution chlorophyll fluorescence sensing
techniques need to be developed.
The plant temperature sensing via thermal sensing is done to assess the water
stress. This sensing is important to analyze the important process of photosynthesis.
Thermal sensors offer very low resolutions and have to be placed close to the plant
for correct assessment of water stress. By mounting un-cooled thermal sensors on
mobile farm machinery can lead to this assessment but it is not possible for all crop
types. But it results in slowing the speed of that particular machinery on which
these sensors are mounted, because an instantaneous thermal sensor imagery cannot
be used to measure water stress. Rather multiple images are required which are
then processed off-line to assess water shortage. Therefore, advanced technology is
required for real-time in situ processing of the data and estimation of deficiency
of water pressure and CWSI. Moreover, interferences (e.g., the machinery heat
generated from the field operation, soil emissions, and plant temperature) are some
of challenges that limit applications of this approach to the field of the precision
agriculture.
3.6 Aerial Sensing
In digital agriculture, UAVs are becoming ubiquitous as an IoT platform for sensing,
data collection, and real-time decision making. Because of flexible design and lower
footprint, these can be adopted for use in different types of fields in different terrains
UAVs are high quality, inexpensive, higher resolution, and high rate data collection
as compared to the remote sensing where performance suffers from the bad weather
conditions. Other advantages of UAVs in precision agriculture are ability to select
and integrate different sensors on the UAV In terms of modeling, UAVs offer better
alternatives to the traditional agricultural modeling processes. Potential applications
of UAVs are monitoring the nitrogen status for building nutritional nitrogen index
and map, and evaluation of crop growth during the growing season using regression
for making SAVI, NDVI, NDRE index indicators of vegetation growth UAVs in
precision agriculture is also being used for plant height and biomass analysis
with very higher accuracy using multiple UAV trips in the field in real time. The
approach of photogrammetry is very helpful for this types of height analysis. A
detailed analysis of this approach has been presented in [70]. A stand count analysis
in crop field via UAV photos combined with proximal soil sensing and satellite
photos has been done. Digital agriculture can be benefited from automation of UAV
flights for safe operation, integration of different sensors and sensing techniques
across disciplines under a standard protocol, and development of business planning
models and supervised learning for effective and optimum field operation. Other
novel applications of UAVs include disease and water stress and weed detection,
biomass and yield prediction, assessment of deficiency of nutrients, and crop
modeling and classification.
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The crop ripeness and weed analysis using UAVS have been done in [70]
for prolonged field operation and predictive models have been done based on
this analysis. In [177], UAVs are utilized, in cotton fields, for canopy response
observation and residue management using a thermal camera mounted on the craft.
The nitrogen and correlation of LAI and biomass have been analyzed using different
UAVs in [14, 71, 75, 184, 197]. Applications to the effective in-field irrigation
management and soil sensing using UAVS are shown in [3, 62]. The idea of multiple
micro UAV platoons has been presented in [62]. The use of UAVs for fertilizer
management in the crop field has been done in [76, 118]. The superior capabilities
of spatio-temporal sensing of the UAVs as compared to the remote sensing are
demonstrated in [20, 22, 165] using thermal and multi-spectral sensing systems
mounted on UAVs. The correlation between the remotely sensed soil moisture and
in situ soil moisture measurements is done in [18]. The analysis of plant structure
and canopy and plant height was carried out in [11, 95, 218]. In [218], the drainage
management has been done using crop scouting. Plant pathogen mapping using
UAVs has been done in [120, 188] in a potato field. Applications of UAVs in the
area of canopy cover and temperature are tested in [21, 109]. The weed detection
and management using UAVs have been explored in [37, 53, 60, 74, 126, 174, 193].
The effectiveness of the crop disease detection using UAVs has been studied in
[28, 163, 176]. The characterization of plant growth parameters and yield prediction
has been done in [15, 57]. The biological and physical parameters of the soil
were estimated using UAVs in [217]. The application of UAVs in the area of
vegetation maps and for creating different Indices (NDVI, LAI, GAI, GNDVI,
CWSSI, PCRI) using UAVs have been carried out in [27, 56, 108, 194, 199]. Use
of UAV imaging in precision agriculture has been discussed in great details in
[2, 51, 56, 58, 73, 97, 101, 108, 120, 211]. A detailed analysis of UAV based pest
management has been done in [133].
3.7 Big Data
The decision making parameters at the farm includes nitrogen, P and K, liming,
hybrid variety selection, placement in field, crop planting rates, variable seeding
rate prescriptions, pesticide selection (e.g., herbicides, insecticides, fungicides),
cropping sequence/rotation, and irrigation. The data obtained from soil testing, yield
and soil maps, EC at farm level and through satellites. It can be managed at different
levels. At local level, the data obtained from farmer is restricted to farmer use only at
the field level and no data aggregation is done. At the farm level, data is aggregated
from different fields within the farm. At regional level, data collected from the
farmers can be combined for effective to get regional insights These data collected
at the regional level can be combined to national level decision making and can also
be used in analysis of the future trends [19, 169].
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3.8 Soil Mapping
Soil mapping holds high promise in the area of digital agriculture for produc-
tion of high quality high resolution soil maps. Through soil mapping impact of
different physical, chemical, biological phenomena on the crop and yield can be
assessed [112]. The production potential of the soil can be correlated with plant
growth and seeding can be adjusted accordingly. Effects of fertilizer can be assessed
using soil maps to make adjustments to inputs accordingly. The loss of nitrogen can
be controlled to improve yield. Some basic components of the soil mapping are
soil texture (percentage of clay, slit, and sand) mapping, salinity, soil organic matter
mapping (OM), curvature, slope, tomography, and TWI.
Currently, electrical conductivity, optical, topography, gamma, and electrome-
chanical sensors are being used for soil mapping [61, 63]. The soil salinity and
texture sensors work by measuring the in situ electrical conductivity of the soil and
are based on the ability of soil to conduct electricity. The clay soils have the higher
conductivity because of the presence of significant amount of the fine clay particles.
On the other hand sandy and silty soils have particles in large size. Therefore,
their ability conduct electricity is low as compared clay soils. The measurements
electrical conductivity measurement differences are used to map soil texture.
The electromagnetic induction and soil contact are popular EC methods. In soil
contact EC measurement method, sensors work in contact with the soil using EM
wave, whereas MI sensors work on the principle of induction. Both methods have
comparable results.
Soil texture mapping using EC has many advantages: 1) crop growth is directly
related to the soil texture water holding capability of soils also depends on soil
texture. Clay and silty soils have higher water holding capacity as compared to
the sandy soil because of the number of the pores and pore size difference [49].
The root depth and other soil properties such as cation exchange capacity (CEC)
also depend on the soil texture. Soil mapping is also used to characterize the soil
response to the applied herbicides. Soil animal population, transport of nutrients,
and buffering capacity are soil factors vital for crop production and growth. The
major application of soil maps generated through soil sampling is in demarcation
of soils in different zones, variable rate seeding and sowing rates, assessment and
management of nitrogen, and yield maps. These maps combined with output of
other soil sensing mechanisms lead to creation of comprehensive real-time decision
making tool.
Moreover, the soil EC can also be calibrated with soil type with laser diffraction
mechanisms. It also guides soil sensor location, and density in the soil for sensor
guided irrigation management in the field thus leading to optimum operation. In the
regions with high soil variability soil maps are proven useful in development of
seeding plans [16].
Organic carbon and matter sensing can be carried out using optical reflectance
[209] to distinguish between organic matter and carbon. An agricultural field with
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darker color soil texture has higher amounts of organic matter as compared to lighter
color textured soils. This phenomena is caused by the absorption and bonding of
light with CH and OH molecules of the soil which leads to darker colored soils in
with at presence of higher organic level and high soil water content. In soil maps
these areas also appear darker. However, the current ability of these soil mapping
systems is milted up to top inch of organic matter. On the other hand organic matter
layers can be 2–3 inch deep in some soils. Therefore, development of optical soil
sensing techniques with ability to generate layered soil maps below 2–3 inches
is very essential. Because soil organic matter improves soil aggregation, helps in
mineralization of N, P, and S, expedite the nutrient exchange process, reduce the
top soil crusting process, and prolongs the soil water content retention in soil,
and reduces soil compaction and bulk density. Given this important nature of the
organic matter, the OM soil maps can be used as good indicator of the soil health
and increase OM understanding. These can also aid in nitrogen management, and
variable rate seeding. These can also be related to other soil parameters, EC, and
nitrogen soil models for informed decision making.
The results from multitude of available soil mapping approaches discussed in
this section can be used powerful with fused sensor data using multiple soil layers.
These multi-layer soil maps are important to understand and get insights about what
the change, what caused it, and what is the best course of action to deal with it [17].
In precision farming, existing challenges in adoption of soil mapping approaches
and resulting maps are limited motivation to use them because lack of high precision
maps. Moreover, in practice, fixed application of lime, K, and p is carried out, and
relationship of the insights gained from the yield is not very strong. Now with the
availability of high precision maps the inputs are indirectly dependent on the soil
texture and growers are customizing there application of fertilizer based on the
maps that leads to improvement in crop yield as well. Creating these soil maps is
becoming more convenient with improved technology and ubiquitous connectivity.
With the success of variable seeding and fertilizer application, there is need for high
precision soil maps to inform these variable technologies.
3.9 Digital Agriculture Education
There are many climate and production differences (e.g., crops, water availability,
irrigation practices terrain) between the different regions of the world. This contrast
leads to differences crop yield, return on investment for the same crop in different
regions. Therefore, precision farming education and curriculum should be designed
accordingly [151].
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3.9.1 Curriculum Development
For precision agriculture curriculum, the leonine courses should be available to
growers, policy makers, farm managers, and workers in order to provide training
on latest developments. These training sessions can also be conducted on campus
in evening and on Saturdays to attract larger agricultural community. Government
funding can help to start these initiatives to train and certify digital agriculture
workforce. Universities in consultation with the industry partners and Ag companies
can develop course plans for students. Availability of internships in this area will
aid in creation of skilled workers for jobs. For farm mangers, one such sequence of
courses can combine latest developments in irrigation management, food sciences,
with advanced precision agricultural technology. Other major digital agriculture
areas needing attention are integrated management of pests, training in safety, and
use of connected heavy machinery and equipment. Although many community
colleges in USA are offering training in these areas but with the rapid developments
and advances in technology the institution of higher education should assume the
role of training the next generation of students to adopt digital agricultural careers.
Universities can not only conduct research but also transfer it to the community
through start-ups and partnering with industry.
These connections can help students to learn the current needs of industry, the
direction in which market is proceeding, and current precision agricultural use-
case. These partnerships will also help to build focused faculty research groups
and labs, and will make huge advancements in the field through integration of
ideas. The existence of novel challenges and right opportunities will increase the
motivation to work together to find solutions and technology transfer. The industry
board from precision agriculture company will help shape the overall curriculum
learning objectives through technology updates, discussions, and feedback. Through
classroom integration curriculum can be enriched with examples, industry based
capstone design projects. Through this hands-on training student will learn better
about new developments in the area. Internships in digital agricultural companies
though meaningful projects will also contribute to digital agriculture workforce
development and create new employment opportunities at all level for students,
industry, and academia. Overall, these university-industry partners can together
solve many challenges in the area of silage and grain covers, underslab gas barriers,
fumigation, building enclosures and landfill covers.
The precision agriculture curriculum should be viewed as multidisciplinary
tree have branches in agronomy, computer science and electrical engineering,
sensor technology and sensing approaches, biological sciences and engineering
with one shared goal of increasing crop yield though reducing input cost, better
management and informed decision, and sustainable agriculture practices. The
propose of the digital agriculture curriculum should be able to develop global
leaders for solving great changes in the area with a common commitment to future of
digital agriculture. It will benefit farm mangers, software developers, agronomists,
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engineers and technicians, and educators. It requires dedicated efforts by providing
more resources, reducing adoption barriers to precision agriculture technologies,
and investing in industry academia partnerships.
3.9.2 Work Roles in Digital Agriculture
The precision agriculture work roles are described below:
• An applicator is the field worker who works to apply fertilizer and pesticides by
using the related equipment.
• An agronomist specializes in soil and crop management, and provide recommen-
dation to the farmers.
• A precision equipment technician is expert in digital agriculture equipment
installation, trouble shooting, repair and maintenance on the field.
• A precision sales specialist deals with sale and support of digital agriculture
equipment and software. In this role, a precision sales specialist can also provide
services remotely.
• A data manager collects and analyses data from customers, farms, and agriculture
businesses.
3.10 Energy Harvesting
For sustainable underground soil sensing and field communications operation, it
is highly desirable to transfer wireless power to subsurface radios and sensors.
In the agriculture field, ideally, the lifetime all sensing equipment should be
greater than 5 years [78]. With the recent developments and improvements in
technology and through development of energy efficient sensor materials, the energy
requirements for these sensors are decreasing rapidly. However, underground radios
still require power to communicate through the soil to aboveground receivers. There
are many intermittent energy harvesting resources available on the field for precision
agriculture that includes solar, vibration, bacteria as fuel cells, thermal, underground
living plants. However, the literature is scarce on underground wireless RF power
transfer. The maintenance, repair, removal of sensors for battery replacement, and
re-installation of underground equipment is costly and access to field equipment
are sometimes not only difficult and also causes disturbance to soil and plants. The
extended lifetime of digital equipment is very important adoption of the technology
in precision agriculture.
In the digital agriculture, these underground devices can be powered in many
different ways. The first method is based on wireless power transfer and is based on
EM induction and magnetic resonance [68], and radiation.
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Through RF power transfer energy can be transferred from source to the
subsurface equipment using the wireless electromagnetic waves. These waves
exhibit less deterioration and attenuation as compared to resonance and induction
based approaches. Therefore, it can be used for long distance (up to few meters)
energy transfer [31]. The normal power consumption of underground devices is
few milliwatts. Since, underground digital agricultural devices can operate with low
power using duty cycling. In duty cycling, the sensors and radio are activated only
when sensing data and communication is required. In a large farm, the sleep time
can vary from few hours to days depending on the growing season, climate, and
irrigation needs. For remaining time the nodes remain in the sleep mode. Therefore,
even few micro-watts power is sufficient for sustainable operation in the agricultural
fields [91, 213].
Wireless RF power transfer requires external sources. The power beacons can
be developed and utilized for this purpose. However, in the field it is hard to
have fixed aboveground energy sources as power beacons permanently dedicated
to power the sensors and radios. However, these sources can be mounted on pick-
up trucks and farm equipment such as tractors. Moreover, the UAVs can be used to
install these external power source combined with other data collection and sensing
equipment for concurrent information and power transfer. Novel methods need to be
developed for external energy transfer. The power transfer through the soil should
be investigated. The ideal depth of sensors and distance between different nodes
can be modeled by understanding the deterioration of signals in the soil. A detailed
survey of power transfer in over-the-air wireless communications and networks has
been given in [104, 105]. External power sources can be designed based on a single
antenna approach where energy can be transferred to single node only. However,
recently, the idea of using multi-antenna approaches has attracted the attention of
the research community, where the beamforming can be used to direct energy to
multiple nodes by using the beamforming.
3.10.1 In Situ Energy Harvesting Methods
This interaction with the external power sources can be avoided with the develop-
ment of in situ energy harvesting methods. The second method is based on energy
harvesting from different sources. The piezoelectric technology has the capability
to convert the vibration energy into the power. It can be modeled through circuit and
mechanical methods (mass, spring, and damper) [89, 216]. However, this technique
required to correct vibration frequency in order for power generation. The operation
of diverse equipment and traffic leads to generation of different frequencies in the
field. Therefore, either the multiple vibration sensors tuned to different frequencies,
or one sensor with broadband spectrum sensing capability is needed [66, 123]. In
[89], the applications of vibration energy harvesting has been investigated in a corn
field. Through the use of piezoelectric energy harvesting technology, where these
devices are buried in the field at low depths, has been used to harness the vibration
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field sources (e.g., the seeders, farm machinery, and harvester, combine and other
agricultural equipment). This empirical analysis has shown the viability of this
technique for digital agriculture. However, the provision of prolonged sustainable
energy to underground sensors is still challenging because this method is not
sufficient to provide power to multitude of devices underground. The burial depth
of the equipment is one major issue because at deeper depths attenuation is higher
in the soil. To overcome challenges in the area of energy harvesting in the field,
more insights into the vibration propagation in soil are needed. There is also need
for development of new protocols and platforms for subsurface power transfer. The
link layer protocols for optimal frequency section and sensor placement should be
developed. An in-depth validation of these approaches is required at the field level
with consideration of models, non-linear efficiency, power consumption of circuits.
It should also be combined with novel channel estimations methods in underground
communications.
3.10.2 Wireless Subsurface Power Transfer
Generally, agriculture fields do not have enough ambient RF energy (stray EM
waves) that can be harvested for self-sustainable operation. Another method is based
on the use of energy harvesting for received data communications signals. It is done
either through time sharing approach, where some slots are allocated to information
transfer and alternative time slots are assigned to RF energy sensors. Other approach
is based on frequency sharing, where frequency of the information signal is shared
with the RF energy harvester. Beam splitting is another method for distribution of
energy via energy scheduling approach. These co-channel data and power transfer
approaches have been investigated in [31, 32, 135]. However, it leads to information
communication performance degradation and required designing new equipment
which increase the cost of deployment hence increasing the challenges in digital
agriculture adoption.
There is also need of medium access protocol (MAC [52]) for RF energy transfer
techniques to work for multiple users in wireless underground network [115].
A rectenna is a type of energy harvesting antenna which is used for collection and
rectification of the EM waves [136]. Many technologies are available to manufacture
a rectenna for use in digital agriculture applications. These include CMOS, tunnel,
Schottky and spin diodes, and active rectification. These rectennas also required
matching circuits to match the input impedance of the rectifier to the impedance
of the antenna for maximum energy harvesting. Design of such antennas has
been explored in [47], that can be tailored for underground RF energy transfer
applications. Some field experiments using these antennas in bridge settings are
done in [47, 79]. Further investigation of possible distance up to which RF power can
be transferred should be investigated as power transfer efficiency is dependent on the
distance. There is also need of development of energy beamforming with adaptive
steering towards any underground and aboveground nodes. Because with the
advancement and adoption of precision agriculture practices, a multitude of sensors
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will be deployed across the field. The use of multiple antennas in the aboveground
power source can be used to achieve very narrow-width beams with capability
to carry more power as compared to traditional single antenna transmission. For
beamforming with beam steering capability to work, there is need of accurate
channel estimation of underground channel between transmitter-receiver pairs to
obtain the channel gains. The wireless underground channel impulse response can
be utilized for this purpose [160].
Additionally, the traditional receiver guided [207, 215] and up-link phase estima-
tion approaches can be used. To reduce the equipment complexity and to conserve
energy there is need of development low complexity channel estimation schemes
based on the receive power only (e.g., one bit feedback algorithm) [214]. Moreover,
in agricultural Internet of Things (Ag-IoT), an energy neutral operation [175]
is desirable to avoid the saved energy from being depleted and also to attain
high efficiency of energy transfer and harvesting schemes. Duty cycling of the
underground can be utilized as well to conserve energy. This depends on many
factors such as requirement of frequency sensing operation, distance from the
external power sources, crop, fertilizer inputs, and weather [170, 204]. Duty cycling
can be activated based on some threshold of power going below some level and
system should also have the ability to automatically make changes on the sleep and
wake-up duration based on the changes in these field factors. Moreover, the nodes
running out of power should be capable of requesting energy on urgent basis. Further
research is also needed to assess the number of external power sources needed based
on the fixed sensor density in a typical agricultural field and should also be able to
accommodate mobile sensors.
Recently, magnetic near field inductive power transfer approach has been
proposed for magnetic induction based wireless underground sensor networks [91].
There are many standards available for magnetic near field inductive power transfer.
However, its range is limited to distances less than 1m.
Far field wireless power transfer (WPT) can be used for long energy transfer.
There are many advantages of long-range wireless power transfer approach in the
underground sensing and communications in digital agriculture.
• Physical contact with devices and wired connection can be completely removed
• Mobility can be achieved in energy transfer as an external power sources can
charge many devices in the field
• On-demand and reliable delivery can be insured all conditions in contrast to other
sources of power which are weather or farm activity dependent
A concurrent wireless and power wireless network can be effectively used
to transmit data and power in full-duplex settings. First case is aboveground to
underground energy transfer in which solar energy harvested from the aboveground
nodes can be transferred to underground nodes. In the second case of underground
to aboveground energy transfer, the energy harvested by the underground nodes
from the vibration and bacterial sources acting as fuel cells can be transmitted to
aboveground nodes. Therefore, both this bi-directional energy transfer will lead to
more reliable and sustainable operation for longer periods of time anywhere and
anytime.
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3.10.3 Solar Power
Solar power transfer through aboveground nodes can also be used in the agriculture
fields in the sun belt area to transfer power to underground nodes. The harvested
solar energy can be steered to different underground nodes using the soil moisture
adaptive beamforming with phased antenna arrays [154]. The Solar Power Radio
Integrated Transmitter (SPRITZ) can be developed combined with solar cells that
provide the DC power.
3.10.4 Energy Harvesting Challenges
The design underground energy transfer in digital agriculture should address
following major issues:
• Transfer range for fully functional underground energy transfer network,
underground-to-underground power transfer range should be 35m, which is the
current communication range for the same wireless channel. However, for the
transfer link where there are sources available aboveground the energy transfer
range of 100m is desirable to cover a standard 300x300m agricultural field.
• Multipath Support. Energy transfer technique should be able to function where
direct line of sight is not available. During plant growth in the growing season,
many reflections from soil-air interface and multipath can exist which can pose
critical challenges to effective energy transfer.
• Efficiency: Highly effective approaches are needed for through-the-soil power
transfer. Because of complex permittivity of the soil high attenuation of wireless
signals carrying data and power can reduce the efficiency of these approaches.
High RF to DC conversion efficiency of devices is also vital for efficient energy
harvesting.
• Mobility. Since multitude of farm machinery and pickup trucks can function in
the field, hence, mobility power transfer will enhance the efficiency as compared
to the fixed external power sources in the field.
• Accessibility: The under wirelesses power transfer approaches should be resis-
tant to the changing crop pattern, weather, irrigation conditions. Ubiquitous
accessibility will ensure reliable power supply in the wake of changing envi-
ronmental conditions.
• Standards for in-field power should be developed so that all existing and new
digital agricultural devices can be compatible and function in the transfer
network.
• Energy consumption storage. There is also need of development of new methods
to store energy at the underground nodes and reducing energy through develop-
ment novel adaptive duty cycling approaches.
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• Frequency spectrum. Types of uniform power and data transfer in digital agricul-
ture should be used to effectively utilize the underground frequency spectrum
(less than 1 GHz) within the bounds of existing delay spread and coherence
bandwidth.
3.10.5 Combined Power and Data Transfer in Digital
Agriculture
The different types of uniform power and data transfer in digital agriculture are
discussed in the following:
• Concurrent transfer of data and power. The same channel is used for power
and data transfer. The power sensor can be integrated in the receiver nodes
(co-located) or two separate devices can be used this type of transfer.
• Uni-directional data and uni-directional power, one line is used for transfer of
power (from transmitter to receiver) and other link is used for data (from receiver
to transmitter)
• Time-shared approach, channel is shared between data and energy by using the
time sharing approach depending on the need of the energy and information
transfer
3.11 The Ag-IoT Systems
The academic and commercial IOUT systems are given in Tables 3.1 and 3.2,
whereas their classification is shown in Fig. 3.8.
Table 3.1 The academic IOUT systems [202]







OTA, ZigBee (ISM) One node per indoor
bed
Soil scout [192] TMP122
(temperature)
EC-5 (soil moisture)
UG, custom (ISM) Eleven scouts on field








OTA, bluetooth (ISM) Five field sensing,
one weather station
(continued)
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Table 3.1 (continued)









Up to 20 nodes per
field
SoilNet [25] ECHO TE (soil moisture)
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OTA Soil and plant water
status monitors,
Thoreau [220] Temperature, soil moisture
electric conductivity and
water potential,
OTA Based on Sigfox,
FarmBeats [196] Temperature, soil moisture
Orthomosaic and pH,

















Soil moisture, camera OTA Field dependent
Pilot sensor network
[96]
Sensirion SHT75 OTA 100 nodes in a field
SoilBED [46] Contamination detection UG Cross-well radar
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Table 3.2 The commercial IOUT systems [202]
Architecture Sensors Comm. tech. Node density
IRROmesh
[84]
200TS (temperature) OTA, custom
(ISM)





Field connect [88] Leaf wetness OTA, proprietary Up to eight nodes per
gateway






Plant water use OTA Up to 25 SapIP nodes



























Big data, and Internet
of Things
EZ-farm [77] Water usage OTA IBM bluemix and
IBM IoT foundation
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Table 3.2 (continued)
Architecture Sensors Comm. tech. Node density
Internet of food and farm
(IoF2020) [82]





Cropx soil monitoring system
[34]
Soil moisture OTA Filed dependant
Soil temperature and
EC











Grain monitor-temputech [191] Grain temperature
and humidity
OTA Multiple depths in
grain elevator




SeNet [166] Sensing and control
architecture
OTA Field dependent
PrecisionHawk [130] Drones for sensing OTA Field dependent
Field map generation
HereLab [69] Soil moisture OTA Field dependent
Drip line PSI and rain
IntelliFarms [80] YieldFax OTA Field dependent
Biological
BinManager
IoT sensor platform [83] IoT/M2M sensors OTA Field dependent





• LORIOT – geographical 
distributed network of servers
• MyDevices – Cayenne drag-
and-drop IoT project builder
• Senet - public cloud-based networks
• Device Lynk – dashboard for industrial IoT
• IntelliFarms – weather and crop market data
OEM
• ST – semiconductors for IoT
• Semtech – analog and mixed signal 
semiconductors
• U-blox - communication and positioning 
components for IoT devices
• Telit - M2M small footprint tailored solution
Communication
• MultiTech – gateways, routers, and 
modems for different technologies
• Option – wireless solution 
for M2M communication
Out-of-the-Box
• Smartrek Technologies – mesh network of 
end-nodes
• Libelium – Waspmote platform
• Zenseio – Modular platform Agricultural
Solutions
John Deere – Field Connect 
weather and soil wireless monitor
IRROMESH – solar-powered 
wireless soil monitoring system
MimosaTEK – irrigation and 
fertigation systems
Fig. 3.8 The classification of commercial IOUT solutions [202]
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51. Gallay, M., Eck, C., Zgraggen, C., Kaňuk, J., & Dvorný, E. (2016). High resolution airborne
laser scanning and hyperspectral imaging with a small UAV platform. In ISPRS - International
Archives of the Photogrammetry, Remote Sensing and Spatial Information Sciences (pp. 823–
827). https://doi.org/10.5194/isprs-archives-XLI-B1-823-2016
52. Galzarano, S., Liotta, A., & Fortino, G. (2013). QL-MAC: A Q-learning based MAC for
wireless sensor networks. In International Conference on Algorithms and Architectures for
Parallel Processing (pp. 267–275). Berlin: Springer.
53. Gao, J., Liao, W., Nuyttens, D., Lootens, P., Vangeyte, J., Pižurica, A., et al. (2018). Fusion
of pixel and object-based features for weed mapping using unmanned aerial vehicle imagery.
International Journal of Applied Earth Observation and Geoinformation, 67, 43–53.
54. García-Carmona, L., González, M. C., & Escarpa, A. (2019). On-line coupling of millimeter
size motors and chronoamperometry for real time bio-sensing of branched-chain amino acids
in maple syrup urine disease clinical samples. Sensors and Actuators B Chemical, 281,
239–244.
55. Garcia-Sanchez, A. J., Garcia-Sanchez, F., & Garcia-Haro, J. (2011). Wireless sensor network
deployment for integrating video-surveillance and data-monitoring in precision agriculture
over distributed crops. Computers and Electronics in Agriculture, 75(2), 288–303.
56. García-Torres, L., Gómez-Candón, D., Caballero-Novella, J., Gómez-Casero, M., Pena-
Barragán, J., et al. (2016). Management of remote imagery for precision agriculture. In 10th
International Conference on Precision Agriculture. Denver: International Society of Precision
Agriculture.
57. Geipel, J., Link, J., & Claupein, W. (2014). Combined spectral and spatial modeling of corn
yield based on aerial images and crop surface models acquired with an unmanned aircraft
system. Remote Sensing, 6(11), 10335–10355.
58. Gevaert, C. M., Suomalainen, J., Tang, J., & Kooistra, L. (2015). Generation of spectral–
temporal response surfaces by combining multispectral satellite and hyperspectral UAV
imagery for precision agriculture applications. IEEE Journal of Selected Topics in Applied
Earth Observations and Remote Sensing, 8(6), 3140–3146.
59. Glibert, P. M., Anderson, D. M., Gentien, P., Granéli, E., & Sellner, K. G. (2005). The global,
complex phenomena of harmful algal blooms. Oceanography, 18(2), 136–147. https://doi.
org/10.5670/oceanog.2005.49
60. Gómez-Candón, D., De Castro, A., & Lopez-Granados, F. (2014). Assessing the accuracy of
mosaics from unmanned aerial vehicle (UAV) imagery for precision agriculture purposes in
wheat. Precision Agriculture, 15(1), 44–56.
61. Gorji, T., Tanik, A., & Sertel, E. (2015). Soil salinity prediction, monitoring and mapping
using modern technologies. Procedia Earth and Planetary Science, 15, 507–512.
62. Grenzdörffer, G., Engel, A., & Teichert, B. (2008). The photogrammetric potential of low-cost
UAVs in forestry and agriculture. The International Archives of the Photogrammetry, Remote
Sensing and Spatial Information Sciences, 31(B3), 1207–1214.
63. Grubbs, R. A., Straw, C. M., Bowling, W. J., Radcliffe, D. E., Taylor, Z., & Henry, G. M.
(2019). Predicting spatial structure of soil physical and chemical properties of golf course
fairways using an apparent electrical conductivity sensor. Precision Agriculture, 20(3), 496–
519.
64. Guo, H., & Sun, Z. (2014). Channel and energy modeling for self-contained wireless sensor
networks in oil reservoirs. IEEE Transactions of Wireless Communications, 13(4), 2258–
2269. https://doi.org/10.1109/TWC.2013.031314.130835
References 105
65. Gutierrez, J., Villa-Medina, J. F., Nieto-Garibay, A., & Porta-Gandara, M. A. (2014).
Automated irrigation system using a wireless sensor network and GPRS module. IEEE
Transactions on Instrumentation and Measurement, 63(1), 166–176. https://doi.org/10.1109/
TIM.2013.2276487
66. Guyomar, D., Sebald, G., & Kuwano, H. (2011). Energy harvester of 1.5 cm3 giving output
power of 2.6 mW with only 1 G acceleration. Journal of Intelligent Material Systems and
Structures, 22(5), 415–420.
67. Hatfield, J. L., Boote, K. J., Kimball, B. A., Ziska, L., Izaurralde, R. C., Ort, D., et al. (2011).
Climate impacts on agriculture: Implications for crop production. Agronomy Journal, 103(2),
351–370.
68. Heo, E., Choi, K. Y., Kim, J., Park, J. H., & Lee, H. (2018). A wearable textile antenna for
wireless power transfer by magnetic resonance. Textile Research Journal, 88(8), 913–921.
69. Herelab. www.Herelab.io
70. Herwitz, S., Johnson, L., Dunagan, S., Higgins, R., Sullivan, D., Zheng, J., et al. (2004).
Imaging from an unmanned aerial vehicle: Agricultural surveillance and decision support.
Computers and Electronics in Agriculture, 44(1), 49–61.
71. Honkavaara, E., Kaivosoja, J., Mäkynen, J., Pellikka, I., Pesonen, L., Saari, H., et al. (2012).
Hyperspectral reflectance signatures and point clouds for precision agriculture by light weight
UAV imaging system. ISPRS Annals of the Photogrammetry, Remote Sensing and Spatial
Information Sciences, 7, 353–358.
72. Howden, S. M., Soussana, J. F., Tubiello, F. N., Chhetri, N., Dunlop, M., & Meinke, H. (2007).
Adapting agriculture to climate change. Proceedings of the National Academy of Sciences,
104(50), 19691–19696.
73. Huang, H., Deng, J., Lan, Y., Yang, A., Deng, X., Zhang, L., et al. (2018). A fully
convolutional network for weed mapping of unmanned aerial vehicle (UAV) imagery. PloS
One, 13(4), e0196302.
74. Hung, C., Xu, Z., & Sukkarieh, S. (2014). Feature learning based approach for weed
classification using high resolution aerial images from a digital camera mounted on a UAV.
Remote Sensing, 6(12), 12037–12054.
75. Hunt, E., Hively, W. D., Daughtry, C. S., McCarty, G. W., Fujikawa, S. J., Ng, T., et al. (2008).
Remote sensing of crop leaf area index using unmanned airborne vehicles. In: Proceedings of
the PECORA (vol. 17, pp. 18–20).
76. Hunt, E. R., Hively, W. D., Fujikawa, S., Linden, D., Daughtry, C. S., & McCarty, G.
(2010). Acquisition of NIR-green-blue digital photographs from unmanned aircraft for crop
monitoring. Remote Sensing, 2(1), 290–305.
77. Ibm ez-farm. https://www.ibm.com/developerworks/community/blogs/dfa2dc54-5a14-4cf8-
91e0-978bfd59d0d4/entry/IBM_Research_Africa_Enhancing_the_way_we_farm?lang=en
78. Ilic, A., Staake, T., & Fleisch, E. (2008). Using sensor information to reduce the carbon
footprint of perishable goods. IEEE Pervasive Computing, 8(1), 22–29.
79. Imoto, N., Yamashita, S., Ichihara, T., Yamamoto, K., Nishio, T., Morikura, M., & Shinohara,
N. (2014). Experimental investigation of co-channel and adjacent channel operations of
microwave power and IEEE 802.11 G data transmissions. IEICE Transactions on Commu-
nications, 97(9), 1835–1842.
80. IntelliFarms. www.intellifarms.com
81. International society of precision agriculture (ISPA) (2019). https://www.ispag.org
82. Iof2020. https://www.iof2020.eu/
83. IoT sensor platform. http://zenseio.com/zenseio-platform
84. IRROmesh wireless mesh system. http://www.irrometer.com/loggers.html
85. Izaurralde, R. C., Thomson, A. M., Morgan, J., Fay, P., Polley, H., & Hatfield, J. L. (2011).
Climate impacts on agriculture: Implications for forage and rangeland production. Agronomy
Journal, 103(2), 371–381.
86. Jackson, L. E., Santos-Martin, F., Hollander, A., Horwath, W., Howitt, R., Kramer, J., et al.
(2009). Potential for adaptation to climate change in an agricultural landscape in the central
valley of California. California Climate Change Center, 165, 1–165.
106 3 Internet of Things in Agricultural Innovation and Security
87. Jagtap, S., Jones, J., Mearns, L., Ojima, D., Paul, E., Paustian, K. (2003). US agriculture and
climate change: New results. Climatic Change, 57, 4369.
88. John Deere field connect. https://www.deere.com/
89. Kahrobaee, S., & Vuran, M. C. (2013). Vibration energy harvesting for wireless underground
sensor networks. In 2013 IEEE International Conference on Communications (ICC), pp.
1543–1548. Piscataway: IEEE.
90. Kim, Y., Evans, R.G., & Iversen, W. M. (2008). Remote sensing and control of an irrigation
system using a distributed wireless sensor network. IEEE Transactions on Instrumentation
and Measurement, 57(7), 1379–1387. https://doi.org/10.1109/TIM.2008.917198
91. Kisseleff, S., Chen, X., Akyildiz, I. F., & Gerstacker, W. (2016). Wireless power transfer for
access limited wireless underground sensor networks. In 2016 IEEE International Conference
on Communications (ICC) (pp. 1–7). Piscataway: IEEE.
92. Knutson, C. L., Haigh, T., Hayes, M. J., Widhalm, M., Nothwehr, J., Kleinschmidt, M., et al.
(2011). Farmer perceptions of sustainable agriculture practices and drought risk reduction in
Nebraska, USA. Renewable Agriculture and Food Systems, 26(3), 255–266.
93. Koleva, N. G., & Schneider, U. A. (2009). The impact of climate change on the external cost of
pesticide applications in us agriculture. International Journal of Agricultural Sustainability,
7(3), 203–216.
94. Kumar, R., Weber, R. J., & Pandey, G. (2018). Low RF-band impedance spectroscopy based
sensor for in-situ, wireless soil sensing. US Patent App. 10/073,074
95. Laliberte, A. S., Goforth, M. A., Steele, C. M., & Rango, A. (2011). Multispectral remote
sensing from unmanned aircraft: Image processing workflows and applications for rangeland
environments. Remote Sensing, 3(11), 2529–2551.
96. Langendoen, K., Baggio, A., & Visser, O. (2006). Murphy loves potatoes: Experiences from
a pilot sensor network deployment in precision agriculture. In 20th International Parallel and
Distributed Processing Symposium, IPDPS 2006 (8pp.). Piscataway: IEEE.
97. Latif, M. A. (2018). An agricultural perspective on flying sensors: State of the art, challenges,
and future directions. IEEE Geoscience and Remote Sensing Magazine, 6(4), 10–22.
98. Leaf monitor system. http://www.westernfarmpress.com/tree-nuts/uc-research-explores-
continuous-leaf-monitor-system-maximize-irrigation-almonds
99. Lee, J., Kim, J., & Myung, H. (2020). Design of forelimbs and digging mechanism of
biomimetic mole robot for directional drilling. In RITA 2018 (pp. 341–351). Berlin: Springer.
100. Li, C., Ding, S., Yang, L., Zhu, Q., Chen, M., Tsang, D. C., et al. (2019). Planar optode:
A two-dimensional imaging technique for studying spatial-temporal dynamics of solutes in
sediment and soil. Earth-Science Reviews, 197, 102916.
101. Li, W., Niu, Z., Chen, H., Li, D., Wu, M., & Zhao, W. (2016). Remote estimation of canopy
height and aboveground biomass of maize using high-resolution stereo images from a low-
cost unmanned aerial vehicle system. Ecological Indicators, 67, 637–648.
102. Lin, B. B. (2011). Resilience in agriculture through crop diversification: Adaptive manage-
ment for environmental change. BioScience, 61(3), 183–193.
103. Lu, R., Manzaneque, T., Yang, Y., Gao, L., Gao, A., Gong, S. (2019). A radio frequency
nonreciprocal network based on switched acoustic delay lines. IEEE Transactions on
Microwave Theory and Techniques, 67(4), 1516–1530.
104. Lu, X., Wang, P., Niyato, D., Kim, D.I., & Han, Z. (2014). Wireless networks with RF
energy harvesting: A contemporary survey. IEEE Communications Surveys & Tutorials,
17(2), 757–789.
105. Lu, X., Wang, P., Niyato, D., Kim, D. I., & Han, Z. (2015). Wireless charging technologies:
Fundamentals, standards, and network applications. IEEE Communications Surveys & Tuto-
rials, 18(2), 1413–1452.
106. Majumder, J., & Chopra, G. (2018). Live cell surface conjugation methods for imaging,
sensing and therapy. Biophysical Journal, 114(3), 20A.
107. Markham, A., & Trigoni, N. (2012). Magneto-inductive networked rescue system (min-
ers): Taking sensor networks underground. In Proceedings of the 11th ICPS, IPSN ’12
(pp. 317–328). New York: ACM. https://doi.org/10.1145/2185677.2185746
References 107
108. Masseroni, D., Ortuani, B., Corti, M., Gallina, P. M., Cocetta, G., Ferrante, A., et al. (2017).
Assessing the reliability of thermal and optical imaging techniques for detecting crop water
status under different nitrogen levels. Sustainability, 9(9), 1548.
109. Mathews, A., & Jensen, J. (2013). Visualizing and quantifying vineyard canopy LAI using
an unmanned aerial vehicle (UAV) collected high density structure from motion point cloud.
Remote Sensing, 5(5), 2164–2183.
110. Mendelsohn, R., Nordhaus, W. D., & Shaw, D. (1994). The impact of global warming on
agriculture: A Ricardian analysis. The American Economic Review, 84(4), 753–771.
111. Mercer, D. S., & Humpal, R. A. (2019). Piezo actuated nozzle control valve. US Patent App.
16/145,691.
112. Minasny, B., & McBratney, A. B. (2016). Digital soil mapping: A brief history and some
lessons. Geoderma, 264, 301–311.
113. Misselhorn, A., Aggarwal, P., Ericksen, P., Gregory, P., Horn-Phathanothai, L., Ingram,
J., et al. (2012). A vision for attaining food security. Current Opinion in Environmental
Sustainability, 4(1), 7–17.
114. Moore, S. K., Trainer, V. L., Mantua, N. J., Parker, M. S., Laws, E. A., Backer, L. C., et al.
(2008). Impacts of climate variability and future climate change on harmful algal blooms and
human health. In: Environmental health (vol. 7, p. S4). London: BioMed Central.
115. Naderi, M. Y., Nintanavongsa, P., & Chowdhury, K. R. (2014). RF-MAC: A medium access
control protocol for re-chargeable sensor networks powered by wireless energy harvesting.
IEEE Transactions on Wireless Communications, 13(7), 3926–3937.
116. Naderi-Boldaji, M., Tekeste, M. Z., Nordstorm, R. A., Barnard, D. J., & Birrel, S. J.
(2019). A mechanical-dielectric-high frequency acoustic sensor fusion for soil physical
characterization. Computers and Electronics in Agriculture, 156, 10–23.
117. Nearing, M. (2001). Potential changes in rainfall erosivity in the us with climate change
during the 21st century. Journal of Soil and Water Conservation, 56(3), 229–232.
118. Nebiker, S., Annen, A., Scherrer, M., & Oesch, D. (2008). A light-weight multispectral
sensor for micro UAV-opportunities for very high resolution airborne remote sensing. The
International Archives of the Photogrammetry, Remote Sensing and Spatial Information
Sciences, 37(B1), 1193–1199.
119. Oerke, E. C. (2006). Crop losses to pests. The Journal of Agricultural Science, 144(1), 31–43.
120. Oliveira, H. C., Guizilini, V. C., Nunes, I. P., & Souza, J. R. (2018). Failure detection in
row crops from UAV images using morphological operators. IEEE Geoscience and Remote
Sensing Letters, 15(7), 991–995.
121. O’Neal, M. R., Nearing, M., Vining, R. C., Southworth, J., & Pfeifer, R. A. (2005). Climate
change impacts on soil erosion in Midwest United States with changes in crop management.
Catena, 61(2–3), 165–184.
122. Ortiz, R., Sayre, K. D., Govaerts, B., Gupta, R., Subbarao, G., Ban, T., et al. (2008). Climate
change: Can wheat beat the heat? Agriculture, Ecosystems & Environment, 126(1–2), 46–58.
123. Ottman, G., Bhatt, A., Hofmann, H., & Lesieutre, G. (2002). Adaptive piezoelectric energy
harvesting circuit for wireless, remote power supply. In 19th AIAA Applied Aerodynamics
Conference (p. 1505).
124. Pandey, G., Weber, R. J., & Kumar, R. (2018). Agricultural cyber-physical system: In-situ soil
moisture and salinity estimation by dielectric mixing. IEEE Access, 6, 43179–43191.
125. Patkar, R. S., Ashwin, M., & Rao, V. R. (2017). Piezoresistive microcantilever based lab-on-a-
chip system for detection of macronutrients in the soil. Solid-State Electronics, 138, 94–100.
126. Pérez-Ortiz, M., Peña, J., Gutiérrez, P. A., Torres-Sánchez, J., Hervás-Martínez, C., & López-
Granados, F. (2015). A semi-supervised system for weed mapping in sunflower crops using
unmanned aerial vehicles and a crop row detection method. Applied Soft Computing, 37,
533–544.
127. Pfeifer, R. A., & Habeck, M. (2002). Farm-level economic impacts of climate change. In:
Effects of Climate Change and Variability on Agricultural Production Systems (pp. 159–177).
Berlin: Springer.
108 3 Internet of Things in Agricultural Innovation and Security
128. Plug and sense smart agriculture. http://www.libelium.com/products/plug-sense/models/#
smart-agriculture
129. Porter, J., Parry, M., & Carter, T. (1991). The potential effects of climatic change on
agricultural insect pests. Agricultural and Forest Meteorology, 57(1–3), 221–240.
130. PrecisionHawks drone data platform. http://www.precisionhawk.com/agriculture
131. Pruski, F., & Nearing, M. (2002). Climate-induced changes in erosion during the 21st century
for eight us locations. Water Resources Research, 38(12), 34-1–34-11.
132. Pruski, F. F., & Nearing, M. A. (2002). Runoff and soil-loss responses to changes in
precipitation: A computer simulation study. Journal of Soil and Water Conservation, 57(1),
7–16.
133. Puig, E., Gonzalez, F., Hamilton, G., & Grundy, P. (2015). Assessment of crop insect damage
using unmanned aerial systems: A machine learning approach. In 21st International Congress
on Modelling and Simulation (MODSIM2015). Gold Coast. https://eprints.qut.edu.au/95241/
134. Purdue University’s Digital Agriculture Initiative. http://news.arubanetworks.com/press-
release/purdue-universitys-digital-agriculture-initiative-advances-farming-and-food-
production
135. Rajabi, M., Pan, N., Claessens, S., Pollin, S., & Schreurs, D. (2018). Modulation techniques
for simultaneous wireless information and power transfer with an integrated rectifier–receiver.
IEEE Transactions on Microwave Theory and Techniques, 66(5), 2373–2385.
136. Ren, Y. J., & Chang, K. (2006). 5.8-GHZ circularly polarized dual-diode rectenna and
rectenna array for microwave power transmission. IEEE Transactions on Microwave Theory
and Techniques, 54(4), 1495–1502.
137. Rillig, M. C., Bonneval, K., & Lehmann, J. (2019). Sounds of soil: A new world of
interactions under our feet? Soil Systems, 3(3), 45.
138. Rizak, S., & Hrudey, S. E. (2008). Drinking-water safety–challenges for community-managed
systems. Journal of Water and Health, 6(S1), 33–41.
139. Rojo, F., Kizer, E., Upadhyaya, S., Ozmen, S., Ko-Madden, C., & Zhang, Q. (2016). A leaf
monitoring system for continuous measurement of plant water status to assist in precision
irrigation in grape and almond crops. IFAC-PapersOnLine, 49(16), 209–215. https://doi.org/
10.1016/j.ifacol.2016.10.039. 5th IFAC Conference on Sensing, Control and Automation
Technologies for Agriculture AGRICONTROL 2016.
140. Rosenzweig, C., & Parry, M. L. (1994). Potential impact of climate change on world food
supply. Nature, 367(6459), 133.
141. Rudd, J. D., Roberson, G. T., Classen, J. J., & Osborne, J. A. (2019). Data collection by
unmanned aircraft systems (UAS) to develop variable rate prescription maps for cotton plant
growth regulators and defoliants. In 2019 ASABE Annual International Meeting (p. 1). St.
Joseph: American Society of Agricultural and Biological Engineers.
142. Saeed, N., Alouini, M. S., & Al-Naffouri, T. Y. (2019). 3D localization for internet of
underground things in oil and gas reservoirs. IEEE Access, 7, 121769–121780.
143. Saeed, N., Alouini, M., & Al-Naffouri, T. Y. (Fourthquarter 2019). Toward the internet of
underground things: A systematic survey. In IEEE Communications Surveys & Tutorials, vol.
21(4) (pp. 3443–3466). https://doi.org/10.1109/COMST.2019.2934365
144. Salam, A. (2018). Pulses in the sand: Long range and high data rate communication
techniques for next generation wireless underground networks. ETD collection for Uni-
versity of Nebraska - Lincoln (AAI10826112). http://digitalcommons.unl.edu/dissertations/
AAI10826112
145. Salam, A. (2019). A comparison of path loss variations in soil using planar and dipole
antennas. In 2019 IEEE International Symposium on Antennas and Propagation. Piscataway:
IEEE.
146. Salam, A. (2019). A path loss model for through the soil wireless communications in
digital agriculture. In 2019 IEEE International Symposium on Antennas and Propagation.
Piscataway: IEEE.
References 109
147. Salam, A. (2019). Subsurface MIMO: A beamforming design in internet of underground
things for digital agriculture applications. Journal of Sensor and Actuator Networks, 8(3),
41. https://doi.org/10.3390/jsan8030041.
148. Salam, A. (2019). Underground environment aware MIMO design using transmit and receive
beamforming in internet of underground things. In 2019 International Conference on Internet
of Things (ICIOT 2019). San Diego.
149. Salam, A. (2019). An underground radio wave propagation prediction model for digital
agriculture. Information, 10(4), 147. https://doi.org/10.3390/info10040147.
150. Salam, A. (2019). Underground soil sensing using subsurface radio wave propagation. In 5th
Global Workshop on Proximal Soil Sensing, Columbia.
151. Salam, A., & Shah, S. (2019). Internet of things in smart agriculture: Enabling technologies.
In 2019 IEEE 5th World Forum on Internet of Things (WF-IoT 2019), Limerick.
152. Salam, A., & Shah, S. (2019). Urban underground infrastructure monitoring IoT: The path
loss analysis. In 2019 IEEE 5th World Forum on Internet of Things (WF-IoT 2019). Limerick.
153. Salam, A., & Vuran, M. C. (2016). Impacts of soil type and moisture on the capacity of
multi-carrier modulation in internet of underground things. In Proceedings of ICCCN 2016.
Hawaii.
154. Salam, A., & Vuran, M. C. (2017). Smart underground antenna arrays: A soil moisture
adaptive beamforming approach. In Proceedings of IEEE INFOCOM 2017, Atlanta.
155. Salam, A., & Vuran, M. C. (2017). Wireless underground channel diversity reception with
multiple antennas for internet of underground things. In Proceedings of IEEE ICC 2017,
Paris.
156. Salam, A., & Vuran, M. C. (2018). EM-based wireless underground sensor networks. In
S. Pamukcu & L. Cheng (Eds.) Underground sensing (pp. 247–285). Cambridge: Academic.
https://doi.org/10.1016/B978-0-12-803139-1.00005-9
157. Salam, A., Vuran, M. C., Dong, X., Argyropoulos, C., & Irmak, S. (2019). A theoretical model
of underground dipole antennas for communications in internet of underground things. IEEE
Transactions on Antennas and Propagation, 67, 3996–4009.
158. Salam, A., Vuran, M. C., & Irmak, S. (2016). Pulses in the sand: Impulse response analysis
of wireless underground channel. In Proceedings of INFOCOM 2016, San Francisco.
159. Salam, A., Vuran, M. C., & Irmak, S. (2016). Pulses in the sand: Impulse response analysis
of wireless underground channel. In Proceedings of IEEE INFOCOM 2016, San Francisco.
160. Salam, A., Vuran, M. C., & Irmak, S. (2016). Pulses in the sand: Impulse response analysis
of wireless underground channel. In The 35th Annual IEEE International Conference on
Computer Communications (INFOCOM 2016), San Francisco.
161. Salam, A., Vuran, M. C., & Irmak, S. (2019). Di-sense: In situ real-time permittivity
estimation and soil moisture sensing using wireless underground communications. Computer
Networks, 151, 31–41. https://doi.org/10.1016/j.comnet.2019.01.001
162. Salazar, S. E., Garner, C. D., & Coffman, R. A. (2019). Development of a multimode field
deployable lidar instrument for topographic measurements of unsaturated soil properties:
Instrument description. Remote Sensing, 11(3), 289.
163. Sankaran, S., Khot, L. R., & Carter, A. H. (2015). Field-based crop phenotyping: Multispec-
tral aerial imaging for evaluation of winter wheat emergence and spring stand. Computers and
Electronics in Agriculture, 118, 372–379.
164. Schmidhuber, J., & Tubiello, F. N. (2007). Global food security under climate change.
Proceedings of the National Academy of Sciences, 104(50), 19703–19708.
165. Schwarzbach, M., Putze, U., Kirchgaessner, U., & Schoenermark, M. V. (2009). Acquisition
of high quality remote sensing data using a UAV controlled by an open source autopilot.
In ASME 2009 International Design Engineering Technical Conferences and Computers
and Information in Engineering Conference (pp. 595–601). New York: American Society
of Mechanical Engineers.
166. Senet. www.senetco.com
167. Sensor network for irrigation scheduling. http://soilphysics.okstate.edu/research/moisst/
2017-moisst-workshop/Taghvaeian%20MOISST%202017.pdf/at_download/file
110 3 Internet of Things in Agricultural Innovation and Security
168. Shahrokhian, S., & Salimian, R. (2018). Ultrasensitive detection of cancer biomarkers using
conducting polymer/electrochemically reduced graphene oxide-based biosensor: Application
toward BRCA1 sensing. Sensors and Actuators B: Chemical, 266, 160–169.
169. Shakoor, N., Northrup, D., Murray, S., & Mockler, T. C. (2019). Big data driven agriculture:
Big data analytics in plant breeding, genomics, and the use of remote sensing technologies to
advance crop productivity. The Plant Phenome Journal, 2(1), 1–8.
170. Shigeta, R., Sasaki, T., Quan, D. M., Kawahara, Y., Vyas, R. J., Tentzeris, M. M., et al. (2013).
Ambient RF energy harvesting sensor device with capacitor-leakage-aware duty cycle control.
IEEE Sensors Journal, 13(8), 2973–2983.
171. Silva, F. C. D. S., & Molin, J. P. (2018). On-the-go tropical soil sensing for PH determination
using ion-selective electrodes. Pesquisa Agropecuária Brasileira, 53(11), 1189–1202.
172. Smit, B., & Skinner, M. W. (2002). Adaptation options in agriculture to climate change: A
typology. Mitigation and adaptation strategies for global change, 7(1), 85–114.
173. Stojanovic, M. (2008). Design and capacity analysis of cellular-type underwater acoustic
networks. IEEE Journal of Oceanic Engineering, 33(2), 171–181. https://doi.org/10.1109/
JOE.2008.920210
174. Stroppiana, D., Villa, P., Sona, G., Ronchetti, G., Candiani, G., Pepe, M., et al. (2018). Early
season weed mapping in rice crops using multi-spectral UAV data. International Journal of
Remote Sensing, 39(15–16), 5432–5452.
175. Sudevalayam, S., & Kulkarni, P. (2010). Energy harvesting sensor nodes: Survey and
implications. IEEE Communications Surveys & Tutorials, 13(3), 443–461.
176. Sugiura, R., Tsuda, S., Tamiya, S., Itoh, A., Nishiwaki, K., Murakami, N., et al. (2016). Field
phenotyping system for the assessment of potato late blight resistance using RGB imagery
from an unmanned aerial vehicle. Biosystems Engineering, 148, 1–10.
177. Sullivan, D., Fulton, J., Shaw, J., & Bland, G. (2007). Evaluating the sensitivity of an
unmanned thermal infrared aerial system to detect water stress in a cotton canopy. Trans-
actions of the ASABE, 50(6), 1963–1969.
178. Sun, X., Li, Z., Wu, L., Christie, P., Luo, Y., & Fornara, D. A. (2019). Root-induced
soil acidification and cadmium mobilization in the rhizosphere of Sedum plumbizincicola:
Evidence from a high-resolution imaging study. Plant and Soil, 436(1–2), 267–282.
179. Sun, Z., & Akyildiz, I. (2010). Channel modeling and analysis for wireless networks
in underground mines and road tunnels. IEEE Transactions on Communications, 58(6),
1758–1768. https://doi.org/10.1109/TCOMM.2010.06.080353
180. Sun, Z., Wang, P., Vuran, M. C., Al-Rodhaan, M., Al-Dhelaan, A. M., & Akyildiz, I. F. (2011).
MISE-PIPE: Magnetic induction-based wireless sensor networks for underground pipeline
monitoring. Ad Hoc Networks, 9(3), 218–227.
181. Sun, Z., Wang, P., Vuran, M. C., Al-Rodhaan, M. A., Al-Dhelaan, A. M., & Akyildiz, I. F.
(2011). Border patrol through advanced wireless sensor networks. Ad Hoc Networks, 9(3),
468–477.
182. Sustainable development goals. https://www.undp.org/content/undp/en/home/sustainable-
development-goals.html
183. Svane, S. F., Dam, E. B., Carstensen, J. M., Thorup-Kristensen, K. (2019). A multispectral
camera system for automated minirhizotron image analysis. Plant and Soil, 441(1–2),
657–672.
184. Swain, K. C., Thomson, S. J., & Jayasuriya, H. P. (2010). Adoption of an unmanned helicopter
for low-altitude remote sensing to estimate yield and total biomass of a rice crop. Transactions
of the ASABE, 53(1), 21–27.
185. Symphony link. https://www.link-labs.com/symphony
186. Tan, H., Seah, W. G., & Doyle, L. (2008). Exploring cognitive techniques for bandwidth
management in integrated underwater acoustic systems. In MTS/IEEE Kobe Techno-Ocean
OCEANS, 2008 (pp. 1 –7).
187. Tan, X., Sun, Z., & Akyildiz, I. F. (2015). Wireless underground sensor networks: Mi-
based communication systems for underground applications. IEEE Antennas and Propagation
Magazine, 57(4), 74–87. https://doi.org/10.1109/MAP.2015.2453917
References 111
188. Techy, L., Schmale, III, D. G., & Woolsey, C. A. (2010). Coordinated aerobiological sampling
of a plant pathogen in the lower atmosphere using two autonomous unmanned aerial vehicles.
Journal of Field Robotics, 27(3), 335–343.
189. Teissie, J., & Golzio, M. (2014). Electropermeabilization of the cell membrane. Encyclopedia
of Applied Electrochemistry, 1121, 773–782.
190. Temel, S., Vuran, M. C., Lunar, M. M., Zhao, Z., Salam, A., Faller, R.K., et al. (2018).
Vehicle-to-barrier communication during real-world vehicle crash tests. Computer Communi-
cations, 127, 172–186. https://doi.org/10.1016/j.comcom.2018.05.009.
191. TempuTech wireless sensor monitoring. http://www.temputech.com/
192. Tiusanen, M. J. (2013). Soil scouts: Description and performance of single hop wireless
underground sensor nodes. Ad Hoc Networks, 11(5), 1610–1618. http://dx.doi.org/10.1016/
j.adhoc.2013.02.002
193. Torres-Sánchez, J., López-Granados, F., De Castro, A. I., Peña-Barragán, J. M. (2013).
Configuration and specifications of an unmanned aerial vehicle (UAV) for early site specific
weed management. PloS One, 8(3), e58210.
194. Torres-Sánchez, J., Peña, J. M., de Castro, A. I., López-Granados, F. (2014). Multi-temporal
mapping of the vegetation fraction in early-season wheat fields using images from UAV.
Computers and Electronics in Agriculture, 103, 104–113.
195. Tule. https://www.tuletechnologies.com/
196. Vasisht, D., Kapetanovic, Z., Won, J., Jin, X., Chandra, R., Sinha, S., et al. (2017). Farmbeats:
An iot platform for data-driven agriculture. In 14th USENIX Symposium on Networked
Systems Design and Implementation (NSDI 17) (pp. 515–529).
197. Vega, F. A., Ramirez, F. C., Saiz, M. P., & Rosúa, F. O. (2015). Multi-temporal imaging using
an unmanned aerial vehicle for monitoring a sunflower crop. Biosystems Engineering, 132,
19–27.
198. Vega, M. T., Koonen, A., Liotta, A., & Famaey, J. (2017). Fast millimeter wave assisted beam-
steering for passive indoor optical wireless networks. IEEE Wireless Communications Letters,
7(2), 278–281.
199. Verger, A., Vigneau, N., Chéron, C., Gilliot, J. M., Comar, A., & Baret, F. (2014). Green area
index from an unmanned aerial system over wheat and rapeseed crops. Remote Sensing of
Environment, 152, 654–664.
200. VRI study. http://proceedings.esri.com/library/userconf/proc15/papers/185_435.pdf
201. Vuran, M., & Akyildiz, I. (2008). Cross-layer packet size optimization for wireless terres-
trial, underwater, and underground sensor networks. In The 27th Conference on Computer
Communications INFOCOM 2008 (pp. 226 –230). Piscataway: IEEE. https://doi.org/10.1109/
INFOCOM.2008.54
202. Vuran, M. C., Salam, A., Wong, R., & Irmak, S. (2018). Internet of underground things in
precision agriculture: Architecture and technology aspects. Ad Hoc Networks, 80, 160–173.
https://doi.org/10.1016/j.adhoc.2018.07.017.
203. Vuran, M. C., Salam, A., Wong, R., & Irmak, S. (2018). Internet of underground things:
Sensing and communications on the field for precision agriculture. In 2018 IEEE 4th World
Forum on Internet of Things (WF-IoT 2018), Singapore.
204. Vyas, R. J., Cook, B. B., Kawahara, Y., & Tentzeris, M. M. (2013). E-WEHP: A battery-
less embedded sensor-platform wirelessly powered from ambient digital-TV signals. IEEE
Transactions on Microwave Theory and Techniques, 61(6), 2491–2505.
205. Wall, E., & Smit, B. (2005). Climate change adaptation in light of sustainable agriculture.
Journal of Sustainable Agriculture, 27(1), 113–123.
206. Walthall, C. L., Hatfield, J., Backlund, P., Lengnick, L., Marshall, E., Walsh, M., et al. (2012).
Climate change and agriculture in the United States: Effects and adaptation. Washington:
USDA Technical Bulletin 1935 (p. 186).
207. Wang, R., David, R., & Brown, D. R. (2015). Feedback rate optimization in receiver-
coordinated distributed transmit beamforming for wireless power transfer. In 2015 49th
Annual Conference on Information Sciences and Systems (CISS) (pp. 1–6). Piscataway: IEEE.
112 3 Internet of Things in Agricultural Innovation and Security
208. Wang, S., Dou, H., Gao, Y., Zhao, X., & Wang, X. (2018). Automatic control system of
boom height and spray test. In 2018 ASABE Annual International Meeting (p. 1). St. Joseph:
American Society of Agricultural and Biological Engineers.
209. Wang, Y., Huang, T., Liu, J., Lin, Z., Li, S., Wang, R., et al. (2015). Soil PH value, organic
matter and macronutrients contents prediction using optical diffuse reflectance spectroscopy.
Computers and Electronics in Agriculture, 111, 69–77 (2015).
210. Wark, T., Corke, P., Sikka, P., Klingbeil, L., Guo, Y., Crossman, C., et al. (2007). Transforming
agriculture through pervasive wireless sensor networks. IEEE Pervasive Computing, 6(2), 50–
57.
211. Willkomm, M., Bolten, A., & Bareth, G. (2016). Non-destructive monitoring of rice
by hyperspectral in-field spectrometry and UAV-based remote sensing: Case study of
field-grown rice in North Rhine-Westphalia, Germany. https://search.proquest.com/docview/
1987384612?accountid=13360. Copyright - Copyright Copernicus GmbH 2016; Last updated
- 2018-02-28.
212. Wischmeier, W. H., & Smith, D. D. (1978). Predicting rainfall erosion losses-a guide
to conservation planning. In Predicting Rainfall Erosion Losses-A Guide to Conservation
Planning. Hyattsville: USDA, Science and Education Administration.
213. Xie, L., Shi, Y., Hou, Y. T., & Lou, A. (2013). Wireless power transfer and applications to
sensor networks. IEEE Wireless Communications, 20(4), 140–145.
214. Xu, J., & Zhang, R. (2016). A general design framework for MIMO wireless energy transfer
with limited feedback. IEEE Transactions on Signal Processing, 64(10), 2475–2488.
215. Yang, G., Ho, C. K., & Guan, Y. L. (2014). Dynamic resource allocation for multiple-antenna
wireless power transfer. IEEE Transactions on Signal Processing, 62(14), 3565–3577.
216. Ye, G., Yan, J., Wong, Z. J., Soga, K., & Seshia, A. (2009). Optimisation of a piezoelectric
system for energy harvesting from traffic vibrations. In 2009 IEEE International Ultrasonics
Symposium (pp. 759–762). Piscataway: IEEE.
217. Zarco-Tejada, P. J., Diaz-Varela, R., Angileri, V., & Loudjani, P. (2014). Tree height
quantification using very high resolution imagery acquired from an unmanned aerial vehicle
(UAV) and automatic 3D photo-reconstruction methods. European Journal of Agronomy, 55,
89–99.
218. Zhang, C., Walters, D., & Kovacs, J. M. (2014). Applications of low altitude remote sensing in
agriculture upon farmers’ requests–a case study in Northeastern Ontario, Canada. PloS One,
9(11), e112894.
219. Zhang, F., Saleh, E., Vaithilingam, J., Li, Y., Tuck, C. J., Hague, R. J., et al. (2019).
Reactive material jetting of polyimide insulators for complex circuit board design. Additive
Manufacturing, 25, 477–484.
220. Zhang, X., Andreyev, A., Zumpf, C., Negri, M. C., Guha, S., & Ghosh, M. (2017). Thoreau:
A subterranean wireless sensing network for agriculture and the environment. In 2017 IEEE
Conference on Computer Communications Workshops (INFOCOM WKSHPS) (pp. 78–84).
https://doi.org/10.1109/INFCOMW.2017.8116356
221. Zhang, Y., Ochsner, T. E., Fiebrich, C. A., & Illston, B. G. (2019). Recalibration of sensors in
one of the world’s longest running automated soil moisture monitoring networks. Soil Science
Society of America Journal, 83(4), 1003–1011.
222. Zhao, N., Jiang, Y., Alvarado-Morales, M., Treu, L., Angelidaki, I., & Zhang, Y. (2018). Elec-
tricity generation and microbial communities in microbial fuel cell powered by macroalgal
biomass. Bioelectrochemistry, 123, 145–149.
223. Zhu, Y., Irmak, S., Jhala, A. J., Vuran, M. C., & Diotto, A. (2019). Time-domain and
frequency-domain reflectometry type soil moisture sensor performance and soil temperature
effects in fine-and coarse-textured soils. Applied Engineering in Agriculture, 35(2), 117–134.
208. Salam A. (2020) Internet of Things for Sustainable Community Development: Introduction 
and Overview. In: Internet of Things for Sustainable Community Development. Internet of 
Things (Technology, Communications and Computing). Springer, Cham. DOI: https://
doi.org/10.1007/978-3-030-35291-2_1
209.  Salam A. (2020) Internet of Things for Environmental Sustainability and Climate Change. 
In: Internet of Things for Sustainable Community Development. Internet of Things 
(Technology, Communications and Computing). Springer, Cham. DOI: https://
doi.org/10.1007/978-3-030-35291-2_2
210.  Salam A. (2020) Internet of Things in Agricultural Innovation and Security. In: Internet of 
Things for Sustainable Community Development. Internet of Things (Technology, 
Communications and Computing). Springer, Cham. DOI: https://
doi.org/10.1007/978-3-030-35291-2_3
211.  Salam A. (2020) Internet of Things for Water Sustainability. In: Internet of Things for 
Sustainable Community Development. Internet of Things (Technology, Communications 
and Computing). Springer, Cham. DOI: https://doi.org/10.1007/978-3-030-35291-2_4
212.  Salam A. (2020) Internet of Things for Sustainable Forestry. In: Internet of Things for 
Sustainable Community Development. Internet of Things (Technology, Communications 
and Computing). Springer, Cham. DOI: https://doi.org/10.1007/978-3-030-35291-2_5
213.  Salam A. (2020) Internet of Things in Sustainable Energy Systems. In: Internet of Things for 
Sustainable Community Development. Internet of Things (Technology, Communications 
and Computing). Springer, Cham. DOI: https://doi.org/10.1007/978-3-030-35291-2_6
214.  Salam A. (2020) Internet of Things for Sustainable Human Health. In: Internet of Things for 
Sustainable Community Development. Internet of Things (Technology, Communications 
and Computing). Springer, Cham.  DOI: https://doi.org/10.1007/978-3-030-35291-2_7
215.  alam A. (2020) Internet of Things for Sustainable Mining. In: Internet of Things for 
Sustainable Community Development. Internet of Things (Technology, Communications 
and Computing). Springer, Cham.  DOI: https://doi.org/10.1007/978-3-030-35291-2_8
216.  Salam A. (2020) Internet of Things in Water Management and Treatment. In: Internet of 
Things for Sustainable Community Development. Internet of Things (Technology, 
Communications and Computing). Springer, Cham.  10.1007/978-3-030-35291-2_9
217.  Salam A. (2020) Internet of Things for Sustainability: Perspectives in Privacy, Cybersecurity, 
and Future Trends. In: Internet of Things for Sustainable Community Development. Internet 
of Things (Technology, Communications and Computing). Springer, Cham.  DOI: https://
doi.org/10.1007/978-3-030-35291-2_10 
218. Salam, A.; Hoang, A.D.; Meghna, A.; Martin, D.R.; Guzman, G.; Yoon, Y.H.; Carlson, J.; 
Kramer, J.; Yansi, K.; Kelly, M.; Skvarek, M.; Stankovic, M.; Le, N.D.K.; Wierzbicki, T.; Fan, 
X.  The Future of Emerging IoT Paradigms: Architectures and Technologies. Preprints 2019, 
2019120276 (doi: https://doi.org/10.20944/preprints201912.0276.v1).
219. A. Konda, A. Rau, M. A. Stoller, J. M. Taylor, A. Salam, G. A. Pribil, C. Argyropoulos, and S. 
A.  Morin, “Soft microreactors for the deposition of conductive metallic traces on planar, 
embossed, and curved surfaces,” Advanced Functional Materials, vol. 28, no. 40, p. 1803020. 
[Online]. Available: https://
onlinelibrary.wiley.com/doi/abs/10.1002/adfm.201803020
220. A. Salam, M. C. Vuran, and S. Irmak, “Pulses in the sand: Impulse response analysis of 
wireless underground channel,” in The 35th Annual IEEE International Conference on 
Computer Communications (INFOCOM 2016), San Fran- cisco, USA, Apr. 2016.
221. A. Salam and M. C. Vuran, “Impacts of soil type and moisture on the capacity of multi-
carrier modulation in internet of underground things,” in Proc. of the 25th ICCCN 2016, 
Waikoloa, Hawaii, USA, Aug 2016.
222. A. Salam, M. C. Vuran, and S. Irmak, “Towards internet of underground things in smart 
lighting: A statistical model of wireless underground channel,” in Proc. 14th IEEE 
International Conference on Networking, Sensing and Control (IEEE ICNSC), Calabria, 
Italy, May 2017.
223. A. Salam and M. C. Vuran, “Smart underground antenna arrays: A soil moisture adaptive 
beamforming approach,” in Proc. IEEE INFOCOM 2017, Atlanta, USA, May 2017.
224. ——, “Wireless underground channel diversity reception with multiple antennas for internet 
of underground things,” in Proc. IEEE ICC 2017, Paris, France, May 2017. 
208. A. Salam, M. C. Vuran, and S. Irmak, “Di-sense: In situ real- time permittivity estimation and 
soil moisture sensing using wireless underground communications,” Computer Networks, 
vol. 151, pp. 31 – 41, 2019. [Online]. Available: http://www.sciencedirect.com/science/article/
pii/ S1389128618303141
209. A. Salam and S. Shah, “Urban underground infrastructure monitoring IoT: the path loss 
analysis,” in 2019 IEEE 5th World Forum on Internet of Things (WF- IoT) (WF-IoT 2019), 
Limerick, Ireland, Apr. 2019.
210. A. Salam, “Pulses in the sand: Long range and high data rate communication techniques for 
next generation wireless underground networks,” ETD collection for University of Nebraska 
- Lincoln, no. AAI10826112, 2018. [Online]. Available: http://digitalcommons.unl.edu/
dissertations/AAI10826112
211. A. Salam and S. Shah, “Internet of things in smart agriculture: Enabling technologies,” in 2019 
IEEE 5th World Forum on Internet of Things (WF-IoT) (WF-IoT 2019), Limerick, Ireland, 
Apr. 2019.
212. A. Salam, M. C. Vuran, X. Dong, C. Argyropoulos, and S. Irmak, “A theoretical model of 
underground dipole antennas for communications in internet of under- ground things,” IEEE 
Transactions on Antennas and Propagation, 2019.
213. A. Salam, “Underground soil sensing using subsurface radio wave propagation,” in 5th Global 
Workshop on Proximal Soil Sensing, COLUMBIA, MO, May 2019.
214. ——, “A comparison of path loss variations in soil using planar and dipole antennas,” in 2019 
IEEE International Symposium on Antennas and Propagation. IEEE, Jul 2019.
215. ——, “A path loss model for through the soil wireless communications in digital agriculture,” 
in 2019 IEEE International Symposium on Antennas and Propagation. IEEE, Jul 2019.
216. ——, Underground Environment Aware MIMO Design Using Transmit and Receive 
Beamforming in Internet of Underground Things. Cham: Springer International Publishing, 
2019, pp. 1–15.
217. A. Salam and U. Karabiyik, “A cooperative overlay approach at the physical layer of cognitive 
radio for digital agriculture,” in Third International Balkan Conference on Communications 
and Networking 2019 (BalkanCom’19), Skopje, Macedonia, the former Yugoslav Republic of, 
Jun. 2019.
218. A. Salam, “An underground radio wave propagation prediction model for digital agriculture,” 
Information, vol. 10, no. 4, 2019. [Online]. Available: http://
www.mdpi.com/2078-2489/10/4/147
219. S. Temel, M. C. Vuran, M. M. Lunar, Z. Zhao, A. Salam, R. K. Faller, and C. Stolle, “Vehicle-
to-barrier communication during real-world vehicle crash tests,” Computer 
Communications, vol. 127, pp. 172 – 186, 2018. [Online]. Available: http://
www.sciencedirect.com/science/article/pii/ S0140366417305224
220. M. C. Vuran, A. Salam, R. Wong, and S. Irmak, “Internet of underground things: Sensing and 
communications on the field for precision agriculture,” in 2018 IEEE 4th World Forum on 
Internet of Things (WF-IoT) (WF-IoT 2018), Singapore, Feb. 2018.
221. ——, “Internet of underground things in precision agriculture: Architecture and technology 
aspects,” Ad Hoc Networks, 2018.
222. Salam A. (2020) Internet of Things for Sustainable Community Development. Springer, 
Cham. DOI: https://doi.org/10.1007/978-3-030-35291-2
223. A. Salam, "Design of Subsurface Phased Array Antennas for Digital Agriculture Applications", 
in Proc. 2019 IEEE International Symposium on Phased Array Systems and Technology
(IEEE Array 2019), Waltham, MA, USA, Oct 2019. 
224. A. Salam,  "Subsurface MIMO: A Beamforming Design in Internet of Underground Things 
for Digital Agriculture Applications",  J. Sens. Actuator Netw., Volume 8, No. 3, August 2019. 
doi: 10.3390/jsan8030041
